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Abstract

This dissertation develops and applies computational methods to three problems at the frontier of
empirical economics, united by a common objective: to operationalize abstract economic
concepts using modern machine learning tools, to uncover new empirical knowledge through
those measurements, and to evaluate the conditions under which such tools can be trusted.

The first essay asks what makes a scientific paper novel, and whether novelty of different kinds
matters differently for impact. Treating novelty as a multidimensional construct rather than a
single attribute, the essay leverages Large Language Models (LLMs) and embedding models to
measure novelty directly from the full text of scientific papers. It finds that specific dimensions
of novelty, defined by a paper's distinctiveness from its intellectual neighbors versus its
engagement with the current frontier, predict fundamentally different outcomes. This finding
reveals a strategic tension in knowledge production that citation-based measures of impact
cannot capture. The second essay asks why strategic behavior systematically departs from game-
theoretic predictions in complex environments. Drawing on a massive dataset of hundreds of
millions of chess games, it develops an interpretable measure of when a position is genuinely
difficult for a boundedly rational agent, and uncovers a new stylized fact: complexity arises
endogenously more often among higher-skilled players. A structural model reveals that this
pattern reflects experts' ability to sustain complexity, rather than a preference for risk, a finding
with broader implications for understanding how people create and exploit strategic complexity.



The third essay asks how much we should trust a predictive model when it is applied outside the
context in which it was estimated. It formalizes this out-of-domain prediction problem, derives
coverage-guaranteed forecast intervals for transfer error, and finds suggestive evidence that the
in-domain superiority of black-box algorithms does not reliably generalize across domains, a
cautionary note with direct relevance for the use of machine learning in situations requiring
generalizability.

Together, these essays argue that the value of computational tools in economics lies not only in
their raw predictive power, but more importantly in their capacity, when disciplined by economic

theory, to render previously unobservable quantities measurable and to rigorously evaluate the
limits of predictive models.
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ABSTRACT

This dissertation develops and applies computational methods to three problems at the frontier
of empirical economics, united by a common objective: to operationalize abstract economic con-
cepts using modern machine learning tools, to uncover new empirical knowledge through those
measurements, and to evaluate the conditions under which such tools can be trusted.

The first essay asks what makes a scientific paper novel, and whether novelty of different kinds
matters differently for impact. Treating novelty as a multidimensional construct rather than a single
attribute, the essay leverages Large Language Models (LLMs) and embedding models to measure
novelty directly from the full text of scientific papers. It finds that specific dimensions of novelty,
defined by a paper’s distinctiveness from its intellectual neighbors versus its engagement with the
current frontier, predict fundamentally different outcomes. This finding reveals a strategic tension
in knowledge production that citation-based measures of impact cannot capture.

The second essay asks why strategic behavior systematically departs from game-theoretic pre-
dictions in complex environments. Drawing on a massive dataset of hundreds of millions of chess
games, it develops an interpretable measure of when a position is genuinely difficult for a bound-
edly rational agent, and uncovers a new stylized fact: complexity arises endogenously more often
among higher-skilled players. A structural model reveals that this pattern reflects experts’ ability
to sustain complexity, rather than a preference for risk, a finding with broader implications for
understanding how people create and exploit strategic complexity.

The third essay asks how much we should trust a predictive model when it is applied outside
the context in which it was estimated. It formalizes this out-of-domain prediction problem, de-
rives coverage-guaranteed forecast intervals for transfer error, and finds suggestive evidence that

the in-domain superiority of black-box algorithms does not reliably generalize across domains, a



cautionary note with direct relevance for the use of machine learning in situations requiring gener-
alizability.

Together, these essays argue that the value of computational tools in economics lies not only in
their raw predictive power, but more importantly in their capacity, when disciplined by economic
theory, to render previously unobservable quantities measurable and to rigorously evaluate the

limits of predictive models.
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CHAPTER 1
INTRODUCTION AND BACKGROUND

The digitalization of economic activity and the exponential growth of high-dimensional data have
fundamentally expanded the analytical toolkit available to economists. While traditional economic
analysis has relied heavily on structured data and concise theoretical models, the emergence of Ma-
chine Learning (ML), Natural Language Processing (NLP), and Large Language Models (LLMs)
offers new avenues to investigate longstanding questions in the discipline. These advances can
be organized into three complementary domains that form the intellectual backdrop of this dis-
sertation: the high-dimensional measurement of latent concepts from unstructured text, the use of
algorithmic benchmarks to study strategic behavior, and the inferential challenges that arise when
predictive models are deployed outside their estimation environment. Each domain motivates one

of the three self-contained research papers that constitute this work.

High-Dimensional Measurement: Text and Semantics. A central contribution of the modern
empirical toolkit is the ability to extract quantitative information from unstructured text. Pioneer-
ing work has transformed textual archives into rigorous measures of policy uncertainty (Baker
et al., 2016) and media slant (Gentzkow and Shapiro, 2010). These approaches have been gener-
alized through the adoption of high-dimensional statistical models: Kelly et al. (2021) develop an
economically motivated selection model for learning from text, with applications ranging from par-
tisan speech to macroeconomic forecasting. Ash and Hansen (2023) provide a systematic overview
of how text algorithms are applied in economics, covering embedding methods, supervised classifi-

cation, and topic models. More recently, LLMs have enabled finer-grained semantic measurement.
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This stream of literature directly motivates the measurement framework developed in Chapter 2,
where I employ LLMs to quantify the position of a scientific paper within an evolving intellectual

landscape.

Machine Learning, Decision Making, and Strategic Behavior. Machine learning has also re-
shaped how economists model rationality and decision-making. Kleinberg et al. (2015) established
that many policy problems are fundamentally prediction problems in which ML outperforms tra-
ditional econometrics. A natural extension of this logic is to use algorithmic tools not merely
to predict outcomes, but to operationalize latent economic concepts that are otherwise difficult
to quantify. Kleinberg et al. (2018) demonstrate the power of this approach in the context of
judicial bail decisions, showing that comparing human choices to an algorithmic standard can
reveal the structure of information frictions and implicit biases. Chapter 3 applies a related but
conceptually distinct logic to the measurement of strategic complexity. The key insight is that a
chess position is complex if its game-theoretically optimal value cannot be recovered from human-
understandable features using a simple, interpretable model (a decision tree). This definition is
deliberately grounded in cognitive accessibility: a position is complex precisely when straightfor-
ward analysis is insufficient to identify the correct course of action. Using this measure, I study

when and why complexity arises endogenously in high-level play.

Inference, External Validity, and Model Transferability. The adoption of black-box ML algo-
rithms has sparked renewed interest in the conditions under which these models generalize. Frame-
works such as Double/Debiased Machine Learning (Chernozhukov et al., 2018) provide principled
ways to estimate causal parameters in the presence of high-dimensional nuisance terms. Yet a
critical and underexplored frontier concerns the out-of-domain performance of predictive models:

what happens when a model estimated in one context is applied to another. Mullainathan and
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Obermeyer (2017) offer an early illustration of this concern, showing that algorithms that appear
to perform well within their training domain can embed systematic errors that remain invisible to
standard validation metrics. Banerjee et al. (2017) and Chassang and Kapon (2022) discuss exter-
nal validity, which seeks to measure the extent to which results obtained in one domain hold more
generally. Chapter 4 confronts this problem directly, formalizing the concept of transfer error and
providing a theoretical foundation for out-of-domain inference by deriving finite-sample forecast

intervals that guarantee coverage when domains are exchangeable.

1.1 The Scope of this Dissertation

This dissertation explores the intersection of these computational frontiers with economic theory.
While the preceding section outlined three broad methodological domains, this work specifically
targets three critical challenges within that landscape: the measurement of latent constructs from
text, machine learning for strategic behavior, and the external validity of predictive models.
Despite the distinct substantive focus of each chapter—ranging from the science of science
to behavioral game theory and econometric methodology—this dissertation is unified by a single
overarching objective: to operationalize abstract economic concepts using modern machine learn-
ing tools, to leverage those measurements to uncover new empirical knowledge, and to evaluate

the conditions under which those tools can be trusted.

* Bridging Measurement and Theory (Chapter 2). Building on advances in high-dimensional
text measurement, Chapter 2 leverages LLMSs not merely to classify papers, but to quantify
the geometry of scientific novelty. I decompose novelty into two conceptually distinct di-
mensions: spatial novelty measures a paper’s intellectual distinctiveness from its neighbors

and temporal novelty measures its engagement with the current research frontier. I show that
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these dimensions predict systematically different impact outcomes, where temporal novelty

primarily predicts citation counts, while spatial novelty predicts disruptive impact.

* From Prediction to Mechanism (Chapter 3). Extending the use of algorithmic bench-
marks, Chapter 3 uses the superhuman predictive power of chess engines to establish the
objective value of positions. I operationalize complexity as the extent to which this objective
value remains opaque to simple, interpretable heuristics. Moving beyond the existing litera-
ture’s focus on single-agent errors, this chapter explores how individuals strategically man-
age complexity in dynamic interactions. The analysis uncovers a novel stylized fact—that
strategically complex environments are endogenously generated more frequently by higher-
skilled players—and develops a structural model showing that this reflects experts’ ability to

sustain complexity to exploit opponents, rather than a preference for risk.

* Testing the Limits (Chapter 4). Chapter 4 provides a theoretical and econometric examina-
tion of when and why powerful predictive models fail to transfer across economic contexts.
By formalizing the concept of transfer error and constructing coverage-guaranteed forecast
intervals, I provide both a diagnostic tool and empirical evidence of a trade-off: black-box
algorithms excel within their estimation domain but may generalize more poorly than theory-

driven models across domains.

1.2 Chapter Summaries

This dissertation is organized into three core chapters, each representing a self-contained research

paper.!

Chapters 2, 3, and 4 are written as independent research papers. Chapter 3 is based on joint work with Jeff Ely,
Ben Golub, and Annie Liang, and Chapter 4 is based on joint work with Isaiah Andrews, Drew Fudenberg, Lihua
Lei, and Annie Liang. As such, each chapter contains its own introduction, literature review, and notation definitions.
Some overlap in introductory concepts is intentional to ensure each chapter stands on its own.
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Chapter 2: Novelty and Impact of Economics Papers. This chapter addresses the fundamental
challenge of measuring scientific progress. While “novelty” is a central concept in the economics
of innovation, it has traditionally been treated as a unidimensional attribute. I propose a framework
that recasts novelty as a geometric position within an evolving intellectual landscape, decomposed
into two conceptually distinct dimensions: spatial novelty, which measures a paper’s intellectual
distinctiveness from its neighbors, and temporal novelty, which captures its engagement with a
dynamic research frontier.

To operationalize these concepts, I employ LLLMs and embedding models to develop seman-
tic isolation metrics that quantify a paper’s location relative to the full-text literature. Applying
this framework to a large corpus of economics articles, I uncover a fundamental trade-off: these
two dimensions predict systematically different outcomes. Temporal novelty primarily predicts
citation counts, whereas spatial novelty predicts disruptive impact—the tendency to render prior
work obsolete. This distinction further allows for the construction of a typology of semantic neigh-
borhoods, identifying four archetypes associated with distinct and predictable impact profiles. The
chapter demonstrates that novelty is a multidimensional construct whose different forms have mea-

surable and fundamentally distinct consequences for scientific progress.

Chapter 3: Managing Strategic Complexity. This chapter shifts focus from the macro-structure
of science to the micro-structure of strategic interaction. Standard game-theoretic analysis often
yields incomplete descriptions of behavior in complex games because it assumes perfect rational-
ity. I investigate the limits of these assumptions using a large database of chess games.

The central methodological contribution is a novel, interpretable index of positional complex-
ity. A position is complex if its game-theoretically optimal value cannot be recovered from human-

understandable features by a simple decision tree. The underlying intuition is that complexity is a
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property of cognitive accessibility—a position is complex precisely when straightforward feature-
based analysis is insufficient to identify the correct course of action, mirroring the cognitive chal-
lenge faced by human players.

I show that this complexity index effectively predicts deviations from standard game-theoretic
play. The analysis then reveals a new stylized fact regarding the endogenous emergence of com-
plexity: strategically complex positions occur more frequently among higher-rated players. To
understand this pattern, I develop a tractable model that captures the key strategic incentives for
and against complex play, solve for equilibrium, and structurally estimate the model to assess the
underlying forces. The estimation reveals that the cross-sectional pattern is driven not by experts
seeking risk, but by their ability to sustain complex positions without committing errors. This chap-
ter illustrates how a carefully designed interpretable ML tool can serve as a structural yardstick for

estimating behavioral models of bounded rationality.

Chapter 4: The Transfer Performance of Economic Models. This chapter provides a critical
econometric perspective on the challenge of deploying predictive models outside their estimation
environment. I formalize the “out-of-domain” prediction problem, which arises whenever a model
estimated on data from one domain is used to make predictions in another.

I define the transfer error of a model based on its performance in a new domain, and derive
finite-sample forecast intervals guaranteed to cover realized transfer errors with a user-selected
probability when domains are exchangeable. Applying these intervals to the prediction of cer-
tainty equivalents, I find suggestive evidence of a systematic trade-off: black-box algorithms out-
perform theory-grounded economic models for in-domain prediction, but generalize more poorly
across domains. This chapter serves as a necessary methodological reflection on the stability of

predictive inference in economics, and provides practitioners with concrete tools for quantifying



and communicating the risks of model transfer.
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CHAPTER 2
NOVELTY AND IMPACT OF ECONOMICS PAPERS

2.1 Introduction

A central challenge for researchers, funding agencies, and academic institutions is to identify
which new ideas are most likely to generate significant scientific impact. While novelty is widely
regarded as a key driver of impact, its complex nature and the mechanisms through which it oper-
ates remain poorly understood. This challenge reflects a fundamental tension in research strategy:
should efforts focus on work with high uniqueness, characterized by profound originality in ques-
tions and methods, or on work with good timing that taps into “hot” topics currently capturing
the scientific community’s attention? Although both uniqueness and timing are recognized as crit-
ical dimensions of novelty, existing measures typically fail to disentangle them. Citation-based
approaches (Uzzi et al., 2013; Lee et al., 2015) rely on backward-looking references, overlooking
the paper’s actual semantic content. Meanwhile, keyword-based methods (Azoulay et al., 2011;
Mishra and Torvik, 2016) are often too coarse to capture subtle conceptual shifts or distinguish
between a buzzword and a substantive contribution. Consequently, we lack a framework that can
simultaneously quantify a paper’s distinctiveness from the past and its alignment with the future.
In this study, we introduce a new conceptual framework that recasts novelty not as an intrin-
sic property, but as a positional good within the evolving intellectual landscape. We decompose
this position into two conceptually different dimensions. Spatial novelty measures a paper’s in-
tellectual distinctiveness by quantifying its semantic isolation from all prior work at the time of

publication. It asks: is this paper positioned in an isolated neighborhood? In contrast, Temporal
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novelty measures a paper’s engagement with a dynamic research frontier by quantifying the rate of
change in its immediate semantic neighborhood. It asks: is this paper positioned in a fast-changing
neighborhood? By treating papers as coordinates in a high-dimensional space, we can map their
positions relative to both the accumulated stock of knowledge and the shifting currents of scientific
attention.

To operationalize this framework, we design a set of semantic isolation metrics leveraging
recent advances in Large Language Models (LLMs). Unlike prior studies that rely on titles or ab-
stracts, we develop a pipeline to analyze the full text of research papers. This allows us to capture
granular details of arguments, methodologies, and results that shorter summaries often omit. Using
a custom dataset containing the full text of 105,082 economics papers, we construct comprehen-
sive semantic embeddings for each document. Before analyzing research strategies, we rigorously
validate these metrics. We demonstrate that our semantic isolation measures possess strong predic-
tive power for two distinct forms of impact: citation counts (reflecting community attention) and
the disruption index (reflecting the extent to which a paper renders prior work obsolete). This val-
idation confirms that our embedding-based approach successfully extracts latent signals of value
from the text that are complementary to traditional indicators.

Building on these validated metrics, we employ Principal Component Analysis (PCA) to con-
struct composite scores for spatial and temporal novelty. Our analysis uncovers a critical strategic
trade-off: the two scores exhibit a negative correlation, suggesting that it is empirically difficult for
a single work to be simultaneously highly distinctive (far from the consensus) and perfectly timed
(within a surging trend). Based on this trade-off, we classify the intellectual landscape into four
archetypes. Papers with low novelty on both dimensions are Consolidating serving to reinforce
existing paradigms. Those with high spatial but low temporal novelty are Outlying representing

unique but potentially premature or niche contributions. Papers with low spatial but high temporal
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novelty are Trendy riding the wave of current hot topics without significantly deviating from the
norm. Finally, papers that achieve high scores on both dimensions are Trailblazing effectively
balancing distinctiveness with relevance.

Applying this typology, we analyze the relationship between novelty strategies and scientific
impact. We report three main discoveries. First, the drivers of impact are distinct: temporal
novelty is the primary predictor of high citation counts, suggesting that being on time leads to
popularity. In contrast, spatial novelty is the main predictor of disruptive influence, suggesting
that uniqueness leads to fundamental shifts in the literature. Second, this distinction validates
our archetypes: Trendy papers tend to be highly cited but less disruptive, while Outlying papers
are disruptive but often receive fewer immediate citations. Third, and perhaps most importantly,
we find that Trailblazing papers exhibit a synergistic interaction. By successfully navigating the
trade-off between uniqueness and timing, these papers have a disproportionately high probability
of being both highly cited and highly disruptive. Our findings demonstrate that novelty is not a
monolithic concept, but a multidimensional strategy with measurable and systematically different
consequences for scientific progress.

The remainder of the paper is organized as follows. Section 2.2 details our conceptual frame-
work and the design of the semantic isolation metrics. Section 2.3 describes the dataset and the
technical construction of these metrics using LLMs. Section 2.4 presents the validation results,
demonstrating the metrics’ predictive power for citations and disruption. Section 2.5 describes the
construction of the composite novelty scores and the resulting typology. Section 2.6 discusses our

empirical findings on the relationship between these novelty strategies and scientific impact.
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2.1.1 Related Work

Measures of Novelty. Approaches to measuring novelty fall into two primary categories: citation-
based and text-based. Citation-based methods typically quantify the atypicality of reference com-
binations (Uzzi et al., 2013; Lee et al., 2015; Trapido, 2015). While influential, these metrics
overlook the semantic content of the work. Text-based approaches address this by analyzing key-
words, such as the age of MeSH terms (Azoulay et al., 2011) or new word combinations (Mishra
and Torvik, 2016; Arts et al., 2025). However, keyword methods face limitations due to polysemy
and often miss deeper semantic connections. More recent work has begun to use embedding tech-
niques on titles to measure semantic distance (Shibayama et al., 2021). Our method advances this
line of inquiry by leveraging Large Language Models (LLMs) to analyze the full text. Unlike prox-
ies based on titles or abstracts, our approach generates a comprehensive semantic representation,
allowing us to measure novelty as a paper’s precise position and movement relative to the entire
literature. To validate our metrics, we follow the established practice of indirect validation (Foster
et al., 2021; Arts et al., 2025), assessing their predictive power for citation counts and disruption

rather than relying on subjective expert labels.

Conceptualization of Novelty. Scientific novelty has been conceptualized through various the-
oretical lenses (Zhao and Zhang, 2025). A foundational dichotomy distinguishes between the
introduction of entirely new elements (Berlyne, 1960; Yan et al., 2020; Luo et al., 2022) and the
novel recombination of existing elements, a concept rooted in Schumpeterian innovation theory .
Other frameworks conceptualize novelty in terms of network structures, where new connections
bridge previously disconnected knowledge communities (Foster et al., 2015; Hofstra et al., 2020),
or from a psychological perspective, where novelty is a function of surprise relative to a reader’s

cognitive schema (Foster et al., 2021). In contrast to these mechanism-based views, we concep-
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tualize novelty as a positional good within an evolving intellectual landscape. This perspective
captures two distinct aspects: the static semantic distance from prior work (distinctiveness) and the

dynamic rate of change in the paper’s neighborhood (timing).

Typologies of Novelty. Existing typologies generally classify novelty along two axes: mecha-
nism (e.g., recombination vs. creation of new entities) and domain (e.g., new theory, methodology,
or data) (Leahey et al., 2023). Our work introduces a new typology—spatial versus temporal
novelty—that acts as a dimension orthogonal to the domain of contribution. While previous clas-
sifications ask what part of a paper is novel, our framework asks how the paper positions itself
relative to the existing scientific literature. This allows us to distinguish between work that is in-
tellectually distant (Outlying) and work that is perfectly timed with a surging trend (Trendy), a

distinction often blurred in uni-dimensional novelty measures.

NLP and LLM:s in text analysis. Computational analysis of scientific texts has evolved signif-
icantly. Early work relied on sparse vector representations such as term frequency—inverse docu-
ment frequency (TF-IDF) and probabilistic topic models like Latent Dirichlet Allocation (LDA)
(Blei et al., 2003) to map research trends (Gupta et al., 2022; Egger and Yu, 2022). More recent
methods leverage dense vector representations (embeddings) to model document semantics more
effectively. Embedding-based models like SPECTER (Cohan et al., 2020) and domain-specific
word embeddings (Tshitoyan et al., 2019) have improved performance on tasks such as classifica-
tion, clustering, and citation prediction by capturing nuanced contextual relationships.

Building on these foundations, large language models (LLMs) now enable direct synthesis and
representation of scientific text at an unprecedented scale. Current applications include screening
for systematic reviews (Dennstidt et al., 2024), generating retrieval-augmented literature surveys

(Han et al., 2024), classifying research articles (Raja et al., 2023), and predicting bibliometric out-
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comes (Vital Jr et al., 2025). LLMs have also proven effective in summarization tasks, producing
outputs for both expert and lay audiences (Pakull et al., 2024; Ding et al., 2024) and even drafting
review articles (Wang et al., 2024). Our work contributes to this literature by using LLMs not just
for summarization but to create the rich semantic representations that underpin our measurement

of novelty.

2.2 Framework

This section develops the conceptual and measurement framework for our analysis. We first de-
scribe our two measures of scientific impact—citation count and the disruption index—which cap-
ture distinct dimensions of a paper’s influence. We then reconceptualize novelty in positional
terms, introducing spatial and temporal novelty to capture a paper’s location in the intellectual
landscape. Finally, we illustrate the semantic isolation metrics used to operationalize our frame-

work.

2.2.1 Measuring Multidimensional Impact

Research papers can show impact in different forms. A paper might attract widespread atten-
tion, reflected in high citation counts, while another might receive modest immediate attention yet
fundamentally redirect its field’s trajectory. To capture these distinct pathways, we employ two
complementary metrics that capture distinct dimensions of scientific impact: citation count and

the disruption index.

Citation count: measuring scholarly attention. Our first measure, cumulative citation count,
serves as a standard proxy for scholarly attention and influence. Citations reflect the research com-

munity’s collective assessment of a paper’s value and its direct utility in subsequent scholarship.
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Disruption Index: measuring field redirection. Our second measure captures a paper’s capac-
ity to redirect a field’s intellectual trajectory. We employ the Disruption Index (DI) developed by
Funk and Owen-Smith (2017) and Wu et al. (2019), which we classify as an impact measure rather
than a novelty measure (Leibel and Bornmann, 2024). Whereas citations measure the magnitude
of influence, the DI measures its nature: whether a paper’s contribution displaces prior work or
builds cumulatively upon it. The index is derived from the citation network surrounding a focal

paper (FP) and is defined as:
~ Np—Npg
~ Np+Np+ Ng

DI

where N represents papers citing only the focal paper, Np represents papers citing both the focal
paper and its references, and Ny serves as a normalizing term for papers citing the focal paper’s
references but not the focal paper itself.

A high positive score indicates a “disruptive” paper, as subsequent work cites it as a new origin
point, displacing its intellectual predecessors. A negative score suggests a “consolidating” paper
that integrates prior knowledge, prompting subsequent work to cite both the focal paper and its
antecedents. This dual-measurement strategy allows us to test whether different dimensions of

novelty systematically produce different forms of impact.

2.2.2 Novelty as Semantic Position

The study of scientific progress hinges on the concept of novelty, yet its measurement remains a
central challenge. Prevailing methods mainly rely on proxies, either inferred from its inputs (e.g.,
references) or its internal content (e.g., new keywords). This view, while intuitive, limits our ability
to understand the strategic and ecological dynamics of scientific discovery.

We propose a fundamental shift in perspective, reconceptualizing novelty not as an intrinsic

property but as a relational construct. In our view, a paper’s novelty is a function of its location
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within a high-dimensional semantic space, characterized by both its static isolation and its dynamic
evolution.
To characterize a paper’s position, we decompose it into two conceptually different dimensions.

These dimensions describe its relationship with the dynamic “semantic neighborhood” it inhabits:

 Spatial novelty measures a paper’s static position in the semantic space. It quantifies intel-
lectual distinctiveness by measuring a paper’s isolation from the accumulated stock of prior

knowledge.

* Temporal novelty measures the dynamics of its position. It captures strategic timing by
measuring the change in a paper’s immediate semantic over the period leading up to publi-

cation, reflecting its engagement with an evolving research frontier.

These two dimensions are central to our analysis, as we hypothesize they correspond to dis-
tinct research pathways with fundamentally different consequences for scientific impact. To oper-
ationalize this framework, we develop a family of semantic isolation metrics, which are designed
to quantify a paper’s static isolation (for spatial novelty) and the change in its isolation over time

(for temporal novelty) using text embeddings.

2.2.3 Semantic Isolation Metrics

We construct semantic isolation metrics to quantify both spatial and temporal novelty. Each metric
is based on the semantic distance between papers, computed by embedding every paper’s full
content into a high-dimensional vector space (see Section 2.3.2) and measuring pairwise distances.
For spatial novelty, we define point-in-time isolation metrics, each capturing a distinct facet of a
paper’s semantic distinctiveness relative to the existing literature. For temporal novelty, we derive

dynamic isolation metrics by tracking how each point-in-time measure evolves across successive
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time windows around a paper’s publication (e.g., three years pre-publication versus publication).

The resulting slopes serve as our indicators of well-timed engagement with emerging research

frontiers. We synthesize these measures into two composite scores, as detailed in Section 2.5.1.
In this section, we provide a conceptual illustration of semantic isolation metrics. A full tech-

nical description of these metrics appears in Appendix A.1.

Point-in-Time Isolation Metrics. Point-in-time metrics assess a paper’s semantic isolation at
a given moment. As illustrated in Figure 2.1, for each focal paper (blue point), we consider its

relationship to other work (green points), as measured by four complementary metrics:

1. Neighborhood Density: 2. K-nearest Neighbor Distance:
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Figure 2.1: lllustration of point-in-time isolation metrics. The blue point is the focal paper, and the green points are
other papers.

1. Neighborhood Count: The number of neighboring papers within a given radius.

2. k—Nearest Neighbor (£-NN) Distance: The distance to the k-th nearest neighbor. A larger
distance implies that a paper must reach further into the semantic space to find even its

closest peers.
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3. Average k-NN Distance: The average distance to the k nearest neighbors. This provides a
more robust measure of local isolation than the single £-NN distance, as it is less sensitive

to the position of a single neighbor.

4. Kernel Density Estimate: A smooth, weighted measure of local density computed using a
Gaussian kernel. This method provides a more continuous measure of isolation than discrete

neighbor counts by down-weighting more distant papers.

These complementary metrics provide a complete picture of a paper’s semantic neighborhood.
This approach allows us to distinguish whether a paper is truly isolated from all prior work, or
if it belongs to a small, nascent cluster that is itself distant from the dense core of the literature.

Collectively, these metrics provide a rich characterization of a paper’s spatial novelty.

Dynamic Isolation Metrics. While point-in-time metrics capture static isolation, our dynamic
metrics measure the evolution of a paper’s semantic neighborhood. These metrics are designed
to quantify temporal novelty by assessing whether a paper is situated in a stable intellectual area
or a rapidly evolving research frontier. We construct these by calculating a point-in-time isolation
metric, M (t), at different time horizons relative to the focal paper’s publication date (t = 0), as

shown in Figure 2.2. We measure change from two perspectives:

* Retrospective Change: We compute the change in an isolation metric over the period lead-
ing up to the focal paper’s publication (e.g., from ¢ = —3 to ¢ = 0). For instance, the change
in k-NN distance, Ms(k, —3) — Ms(k, 0), measures how much denser the neighborhood be-
came in the three years prior to publication. A large positive change indicates that the paper
is entering a rapidly growing research frontier. This is our primary measure for constructing

the temporal novelty score, as it relies only on information available at publication.
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Figure 2.2: Illustration of dynamic isolation metrics. Given the focal paper published in year Y, My (k,t) represents
the k—NN distance using papers that published in or before year Y + t. For example, Ms(k, —3) is calculated with
papers that published in or before year Y — 3.
* Prospective Change: We also compute the change in the years following publication (e.g.,
from ¢ = 0 to ¢t = 3). The difference My (k,0) — My(k, 3) measures how the neighborhood
evolves after publication of the focal paper. Because perspective change relies on future

information unavailable at the time of publication, we exclude it from our main results and

instead use it to validate our temporal novelty concept (see Appendix A.3.4).

For example, a paper on behavioral economics published in 2005 exhibits high temporal nov-
elty if many similar papers appeared between 2002 and 2004 (high retrospective change), indicat-
ing it is well-timed to an emerging frontier, even if its spatial novelty is modest.

In addition to these two main types of semantic isolation metrics, we also include baseline
paper-level mean distance, which captures basic features of semantic distance. More details are in

Appendix A.1.4.
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2.3 Data

Our empirical analysis relies on a large corpus of full-text economics articles processed through a
custom natural language understanding pipeline. In this section, we (1) describe our data sources
and explain how we constructed the analysis sample, and (2) summarize the steps used to generate
our semantic isolation metrics. A key contribution of this paper is the creation of a novel, inte-
grated dataset containing papers’ full text and their semantic embeddings. We also contribute a

reproducible pipeline for extracting these embeddings from article full text.

2.3.1 Data Source and Dataset Construction

Our analysis draws on a comprehensive corpus of scholarly articles in economics. The initial
dataset comprises 105,082 articles published between 1980 and 2020, sourced from RePEc, Google
Scholar, and SciSciNet (Lin et al., 2023). From SciSciNet, we obtain key bibliometric variables,
including the disruption index and the atypicality score. We supplement this with citation counts
collected from Google Scholar in December 2024.

To ensure a robust measurement of novelty and impact, we partition our sample by time. Papers
published between 1980 and 1995 form a “knowledge base”, providing the necessary historical
context to measure the novelty of subsequent work. Our analysis focuses on a “focal period”
cohort of papers published between 1996 and 2015. This design allows us to observe impact
outcomes over a meaningful time horizon (at least 9 years post-publication) while grounding our
novelty measures in a deep historical context. After filtering for data quality and completeness,
our final analysis dataset contains 52,766 papers.

The data reveal substantial heterogeneity across fields in both citation patterns and the preva-

lence of disruptive work. For instance, Development and Agricultural Economics have the highest



43

median citation counts and disruptive rates, respectively, while Microeconomic Theory exhibits
lower values on both dimensions. As expected, the distribution of citations is highly right-skewed

across all fields. The detailed descriptive statistics is in Table A.2 in Appendix .

2.3.2 Semantic Content Extraction and Representation

Our primary data consist of full-text research articles in PDF format. We developed a multi-
stage pipeline to convert these documents into structured semantic representations suitable for
calculating our isolation metrics.

First, we convert the PDFs to plain text using an LLM-based Optical Character Recognition
(OCR) model. Second, we use LLMs to generate comprehensive summaries of each paper. A key
innovation of our approach is the extraction of multiple, structured representations of each paper’s
intellectual content. Rather than relying on a single summary, we prompt the LLM to decompose

each paper into five distinct semantic dimensions:

Paragraph: A concise, high-level overview of the paper’s content.

Topic: The paper’s subfield, primary subject matter, and specific issues addressed.

Question-Conclusion: The core research questions and key findings.

Methodology: Data sources, analytical models, and technical approaches employed.

Theory: The theoretical frameworks, conceptual models, and analytical innovations.

This decomposition allows us to measure novelty along different dimensions of a paper’s contri-
bution - for example, distinguishing methodological novelty from theoretical novelty.
Third, to ensure the robustness of our semantic representations, we embed each of the five

summary types using three complementary embedding models: SciBERT (Beltagy et al., 2019), a
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BERT model pre-trained on a large corpus of scientific literature; SPECTER (Cohan et al., 2020),
a model specifically designed to generate document-level embeddings for scientific papers; and
Qwen (Li et al., 2023), a general-purpose state-of-the-art LLM. This triangulation approach miti-
gates the risk of model-specific biases.

Finally, we calculate pairwise distances between all paper embeddings using both Euclidean
distance and cosine similarity. This yields a comprehensive feature space derived from the combi-
nation of five summary types, three embedding models, and two distance metrics. This systematic
process results in 3240 candidate isolation features for each paper, providing a rich basis for our

analysis. Further details are provided in Appendix A.2.

Addressing Look-Ahead Bias. The use of modern LLMs trained on vast internet corpora intro-
duces a potential for “look-ahead bias”, where the model might inadvertently incorporate informa-
tion unavailable at the time a paper was written (Sarkar and Vafa, 2024). We mitigate this concern
through several strategies. First, our LLM task is summarization, not prediction. Different from
prediction task such as predicting the citation count of a paper will receive by 2024 (which is likely
to be in a LLM’s training set), in our task the model is prompted to condense the provided text,
not to infer future outcomes or context. Second, our prompts are designed to be content-focused,
explicitly instructing the model to avoid external contextualization. Third, our metrics are based
on relative semantic distances within a historical cohort, making them less sensitive to absolute

shifts in the embedding space.

2.4 Validating Semantic Isolation Metrics

Before employing our semantic isolation metrics to construct a theoretical framework of novelty,

we need to first establish their empirical relevance. This section demonstrates that these metrics are
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powerful predictors of a paper’s future impact. We show that they not only outperform established
novelty measures but also provide complementary information, confirming that they capture a

distinct and meaningful dimension of scientific contribution.

24.1 Experimental Setup

We validate the semantic isolation metrics through two predictive tasks: forecasting long-term ci-
tation counts and identifying disruptive papers. Our experimental design aims to demonstrate that
these metrics (1) possess significant predictive power and (2) capture unique information com-
plementary to standard bibliometric controls and existing novelty proxies (e.g., atypicality). We

define several feature groups for our predictive models:

Controls: Basic metadata including publication year, reference count, document length,

word count, and sentence count.

Subfield (Baseline): Indicator variables for the LLM-classified subfields.

Journal: Encoded journal identifiers and top-5 journal indicators.

Textual Features and topic models: Standard NLP features including word counts, part-
of-speech tag frequencies, and other text-derived metrics. Latent Dirichlet Allocation (LDA)
and Term Frequency-Inverse Document Frequency (TF-IDF) representations. They contains
future information that is not available at the time a paper is published, as they are calculated

with the whole dataset.

» Atypicality: The combination-based novelty scores developed by Uzzi et al. (2013), includ-
ing 10th percentile, median, and number of combinations, as provided by SciSciNet (Lin

et al., 2023).
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* Isolation: Our proposed set of semantic isolation metrics, including point-in-time isolation

metrics and retrospective dynamic isolation metrics!.

To fully capture the nonlinear relationship between features, we employ XGBoost for predic-
tion tasks. We use consistent hyperparameters across all feature combinations to ensure perfor-
mance differences reflect information content rather than optimization artifacts. These hyperpa-
rameters are identified by tuning the model on the most complex feature set (the union of all feature
groups), as parameters that perform well on this high-dimensional space are the most likely to be
robust and generalize effectively to simpler feature subsets. All results are averaged over 100

bootstrap iterations for robust statistical inference.

2.4.2 Predicting Log Citation Counts

We first assess the ability of our isolation metrics to predict long-term citation counts, a standard
proxy for scientific impact. Our primary evaluation metric is the out-of-sample Mean Squared
Error (MSE). We also report the “completeness score” from Fudenberg et al. (2022b), which mea-
sures the proportional reduction in MSE relative to a baseline feature set (Controls + Subfield).
The larger the completeness (maximum is 1), the more error the tested model reduce from the
base, which means the better the model’s performance. For example, using all features together
gives a completeness score of 34.92%, meaning that this large set of features can reduce 34.92%

of our baseline prediction error. This suggests that predicting log citation counts is a hard task.

Results. The top panel of Table 2.1 presents the standalone predictive power of the atypicality

and isolation feature groups. When added to the control variables, the atypicality score offers no

"We exclude prospective dynamic isolation metrics from our main analysis to avoid inadvertently incorporating
future information into the prediction of future outcomes. The version with perspective dynamic isolation metrics is
in Appendix A.3.4.



47

improvement over the baseline. In stark contrast, our isolation metrics achieve a completeness
score of 9.93%, demonstrating substantial predictive power. This is also surprising as only using
isolation features can reach nearly 30% of the completeness score of using all features (34.92%),

reassuring that isolation features predict citation count well.

Feature set MSE Completeness

control+subfield (baseline) 1.7044 0.0
(0.00154)

control+atypicality 1.7110 -0.0039
(0.00156)

control+isolation 1.5352 0.0993
(0.00133)

control+subfield+atypicality 1.6646 0.0234
(0.00154)

control+subfield+atypicality+isolation  1.5090 0.1146
(0.00133)

all features (excl. isolation) 1.1465 0.3273
(0.00111)

all features (incl. isolation) 1.1092 0.3492
(0.00105)

Table 2.1: Performance of predicting log citation counts using different feature group combinations. The top panel
shows individual feature groups; the middle and bottom panel show the additional value of isolation features. Standard
errors (in parentheses) are calculated from 100 bootstrap iterations. Completeness is the proportional reduction in
MSE relative to the baseline.

This result raises a key question: do isolation and atypicality measure the same underlying
construct, with isolation being a more precise proxy? Or do they capture fundamentally different
dimensions of novelty? The middle panel of Table 2.1 provides a clear answer. Adding atypicality
to the baseline provides a modest 2.34% improvement in completeness. However, subsequently
adding our isolation metrics increases completeness to 11.46% - an incremental gain of 9.12 per-

centage points. This strong additional effect provides compelling evidence that isolation and atyp-

icality are complementary, measuring distinct aspects of novelty. Atypicality captures the novelty
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of a paper’s inputs (unusual combinations of references), while our metrics capture the novelty of
its output (the semantic content of its contribution).

Finally, we test whether the predictive power of our isolation metrics is robust to the inclusion
of a comprehensive set of controls, including sophisticated textual representations like TF-IDF and
LDA. The bottom panel of Table 2.1 shows that even when added to a model containing all other
feature groups, our isolation metrics provide a statistically, significant improvement, increasing
completeness by an additional 2.2 percentage points. This improvement is especially meaningful
given that LDA and TF-IDF (in all features) contain future information that is not available at the

time of the paper is published.
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Figure 2.3: Feature importance (mean absolute SHAP) for predicting log citations.

To assess the relative importance of each feature group, we compute SHAP (SHapley Additive
exPlanations) values?. SHAP values provide a unified measure of feature importance by attributing
each prediction to individual features. They are grounded in Shapley values from cooperative game
theory, ensuring a fair and consistent allocation of contribution across features. As shown in Figure
2.3, the isolation metrics (reduced to 200 dimensions via PCA for comparability) contribute more

to the model’s predictions than any other feature group, including TFIDF features. This confirms

2We apply 5-fold cross validation, and combine the prediction on test folds to calculate the SHAP contribution.
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that semantic isolation is not a peripheral signal but a central predictor of scientific impact.

2.4.3 Predicting Disruptive Papers

We next turn to a more nuanced prediction task: identifying disruptive papers. This allows us to test
whether our isolation metrics are merely a proxy for future attention (citations) or if they capture
a more fundamental aspect of a paper’s contribution. We frame this as a binary classification task,
classifying a paper as disruptive if its Disruption Index (DI) is greater than zero (Wu et al., 2019).

Given the class imbalance (16.3% of papers are disruptive), we focus on precision as our pri-
mary evaluation metric. Our goal is showing that semantic isolation is a high-quality signal that
reliably predicting disruptive papers. Precision answers the question: “When our model predicts
a paper is disruptive, how often is it correct?” A high precision score provides strong evidence
that semantic isolation is a reliable signal of disruptive potential. On the other hand, recall, which
measures ability to identify every disruptive paper, is of secondary importance. We also report the
F1-score and the completeness score (where error is defined as (1 — precision). We use balanced

class weights during training and report mean F1 and precision across 100 times bootstrapping.

Results. The results for disruption prediction, presented in the top panel of Table 2.2, mirror
the patterns observed for citations. Our isolation metrics substantially outperform the atypicality
score, achieving a 13.47% completeness score on precision compared to just 1.33% for atypicality.
This consistency across different prediction tasks strengthens the evidence that isolation captures
fundamental aspects of research novelty.

Moreover, the metrics are again complementary, as shown in the middle panel Table 2.2.
Adding isolation metrics to a model that already includes the baseline and atypicality features

increases precision completeness from 4.34% to 15.13%. This additional effect confirms that our
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Feature set Precision Comp-prec Fl1 Comp-F1

control+subfield 0.3140 0.0 0.4151 0.0
(0.00053) (0.0057)

control+atypicality 0.3231 0.0133 0.4220 0.0118
(0.00057) (0.00058)

control+isolation 0.4064 0.1347 0.4699 0.0937
(0.00064) (0.00059)

control+subfield 0.3140 0.0 0.4151 0.0
(0.00053) (0.00057)

control+subfield+atypicality 0.3437 0.0434 0.4424 0.0466
(0.00054) (0.00051)

control+subfield+atypicality+isolation 0.4178 0.1513 0.4788 0.1089
(0.00072) (0.00064)

all features (excl. isolation) 0.4270 0.1647 0.4915 0.1305
(0.00070) (0.00060)

all features (incl. isolation) 0.4517 0.2007 0.5063 0.1559
(0.00081) (0.00067)

Table 2.2: Performance of predicting disruptive papers. The top panel shows results using individual feature groups;
the middle and bottom panel show the additional value of isolation features. Standard errors (in parentheses) are
calculated from 100 bootstrap iterations. Comp-prec shows the completeness of error in precision, and Comp-F1
shows the completeness of error in F1.

measure of semantic distance captures a dimension of novelty relevant for disruption that is distinct
from the recombinative novelty captured by atypicality.

The bottom panel of Table 2.2 shows that isolation metrics continue to provide significant
predictive value even in the presence of all other features, increasing precision completeness from
16.47% to 20.07%. This 3.6 percentage point improvement demonstrates the consistent and non-
redundant value of isolation across different impact dimensions.

The SHAP analysis® in Figure 2.4 further confirms that our isolation features are a key driver

of the model’s predictions. This confirms that isolation captures meaningful signals for identify-

ing potentially disruptive research, further validating our approach across different dimensions of

3We apply 5-fold cross validation, and combine the prediction on test folds to calculate the shap contribution.
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Figure 2.4: Feature importance (mean absolute SHAP) for predicting disruption.

2.4.4 Summary of Validation

Our predictive analyses provide robust evidence for the empirical relevance between our semantic
isolation metrics and future impacts. Across two distinct impact measures, these metrics demon-
strate substantial predictive power, significantly outperforming the established atypicality bench-
mark. Crucially, their predictive content is both complementary to atypicality and non-redundant
with a comprehensive set of textual and bibliometric controls, confirming that they capture a novel
dimension of scientific contribution rooted in a paper’s semantic positioning and temporal dynam-
ics. Notably, these features are calculated with information available at the publication time of a
paper, making it a useful tool to assess the future impact at a paper’s early stage.

As detailed in Appendix A.3.3, these findings are robust across economic subfields. Decompo-
sition (see Appendix A.3.2) reveals that features related to papers’ core contributions (paragraph
summaries and question-conclusion framing) provide the strongest predictive signals. Appendix
A.3.4 shows that including prospective metrics can significantly improve the predicting perfor-

mance, serving as a validation of our temporal novelty concept.
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2.5 A Two-Dimensional Framework of Novelty

Having established that our semantic isolation metrics robustly predict scientific impact, we now
employ them as the measurement foundation for our two-dimensional framework of novelty. This
section moves beyond treating novelty as a monolithic concept, demonstrating how distinct path-

ways to intellectual contribution can be empirically measured and systematically categorized.

2.5.1 Constructing Spatial and Temporal Novelty Scores

We operationalize our framework by constructing two composite scores that correspond to the
conceptual dimensions of novelty outlined previously. These scores are calculated using only
information available at the time of publication, ensuring clear interpretation of temporal relation-
ships.

While we have a large set of semantic isolation features, we need to derive scalar values for
spatial novelty and temporal novelty. Simple aggregation methods such as taking the mean are
straightforward but would lose the nuances captured by individual features. For example, averaging
the 30-NN distance and 3-NN distance would either be meaningless or dominated by the larger 30-
NN values. Therefore, we employ Principal Component Analysis (PCA) to construct a composite

score while preserving most of the variation in the features.

» Spatial Novelty Score: We apply PCA to the set of contemporaneous point-in-time isolation
metrics (i.e., metrics calculated using all prior work, ¢ = 0) and the baseline paper-level

mean distance*

. The first principal component serves as our spatial novelty score. This
score captures a paper’s static semantic isolation from the existing body of knowledge at its

moment of publication.

“Basic features of semantic distance, introduced in Appendix A.1.4.
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* Temporal Novelty Score: We apply PCA to the set of retrospective dynamic isolation met-
rics, which measure the change in a paper’s semantic neighborhood in the years leading up
to its publication (e.g., the change from ¢ = —3 to ¢ = 0). The first principal component
serves as our temporal novelty score, capturing the degree to which a paper is situated within

a rapidly evolving or “hot” research frontier.

The use of contemporaneous point-in-time metrics and retrospective dynamic metrics makes
sure that our framework are not using any future information. By using the first principal com-
ponent for each, we create summary indices that capture the largest shared dimension of variation
across our granular metrics, reducing measurement noise while retaining the core signal of each

novelty type. Further details on the PCA construction are provided in Appendix A.4.1.

2.5.2 A Typology of Research Neighborhoods

We classify each paper based on the state of its semantic neighborhood, defined by its position in
the two-dimensional novelty space. A neighborhood is classified as “High” on a given dimension
if the paper’s score on that dimension is above the median. Crossing these two classifications
yields a four-quadrant typology, with each quadrant representing a distinct archetype of research

environment:

* Consolidating Neighborhoods (Low Spatial / Low Temporal): These are stable, well-
established research areas where contributions are semantically close to existing work. Pa-

pers in these neighborhoods typically refine or incrementally extend established paradigms.

* Outlying Neighborhoods (High Spatial / Low Temporal): These are intellectually dis-
tant and slow-moving or static research areas. Papers here represent unconventional ideas

disconnected from contemporary research trends.
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* Trendy Neighborhoods (Low Spatial / High Temporal): These are rapidly evolving re-
search frontiers where contributions, while not semantically distant from their immediate

peers, are part of a concentrated wave of scientific interest.

* Trailblazing Neighborhoods (High Spatial / High Temporal): These are nascent, intellec-
tually distinctive areas of inquiry that are also rapidly gaining momentum. Papers in these

neighborhoods are positioned at the start of new, fast-growing research directions.
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Figure 2.5: A stylized illustration of the four novelty archetypes. The blue point is the focal paper; green points are
prior work. The orange circle represents the paper’s isolation level (e.g., its 5-NN distance) at publication (t = 0)
and three years prior (t = —3). High spatial novelty is indicated by a large radius at t = 0. High temporal novelty is
indicated by a large change in the radius betweent = —3 and t = 0.

It is crucial to emphasize that this typology characterizes the context in which a paper is pub-
lished, not the intrinsic attributes of the paper itself. A paper is thus described by the type of
neighborhood it inhabits (e.g., a paper in a Trailblazing neighborhood). This distinction is funda-
mental to our analysis, as it shifts the focus from a paper’s identity to its strategic position within

the scientific landscape.
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Figure 2.5 provides a stylized illustration of these four archetypes in semantic space. High
spatial novelty corresponds to a large isolation radius at the time of publication (f = 0). High
temporal novelty is visualized by a significant decrease in the isolation radius between a prior
period (t = —3) and the publication date, indicating a rapid densification of the paper’s intellectual

neighborhood.

2.5.3 The Structure of the Novelty Space

An analysis of the joint distribution of the two novelty scores reveals important structural features

of the scientific landscape.

A Structural Trade-Off. The spatial and temporal novelty scores exhibit a statistically signif-
icant negative correlation » = —0.26. This finding provides quantitative evidence of a structural
trade-off between the two pathways to novelty. In other words, it is empirically challenging for
a single work to be both radically different from prior art (high spatial novelty) and situated at
the heart of a burgeoning research trend (high temporal novelty). This trade-off is reflected in the
distribution of papers across our typology (Figure 2.6). The off-diagonal quadrants (Trendy and
Outlying neighborhoods) are the most populated (each containing about 30% of papers), repre-
senting the more common research strategies. The relative scarcity of papers in the Trailblazing
neighborhoods (about 20%) underscores the difficulty of simultaneously achieving high spatial
and temporal novelty. This negative correlation points to a stylized fact of scientific production: a

structural trade-off exists between intellectual distinctiveness and timely engagement.

Mapping Economic Subfields. Figure 2.7 plots the median novelty scores for each economic
subfield. The patterns align with what one might expect given these fields’ methodological ap-

proaches. Economic History, with its emphasis on context-specific analysis, falls predominantly
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Figure 2.6: The joint distribution of spatial and temporal novelty. The negative correlation suggests a structural trade-

off

into the Outlying quadrant. Microeconomic Theory, building on a stable set of foundational mod-

els, centers in the Consolidating quadrant. Fields associated with recent rapid growth, such as

Behavioral and Health Economics, appear in the Trailblazing quadrant.
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Figure 2.7: Median novelty profiles by economic subfield. Each point represents the median spatial and temporal
novelty score for all papers in a given subfield.

While different fields tend to cluster in different quadrants, these mappings reflect only me-
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dian tendencies and mask considerable within-field heterogeneity. Individual papers within every
field span multiple archetypes. For instance, though Behavioral Economics exhibits higher novelty
on average, it includes substantial Consolidating work that refines foundational insights alongside
Trailblazing explorations of new domains. This diversity underscores that our framework char-
acterizes research strategies, not research quality: each quadrant represents a legitimate scholarly
approach with distinct contributions to knowledge accumulation. Importantly, our framework also
reveals substantial overlap across fields with distinct median profiles. Appendix A.4.2 presents
both the inter-quartile range version and the full distributions for Macroeconomics and Economic
History, confirming that our novelty scores identify research archetypes that transcend field bound-
aries, and provides detailed distributions for all subfields that substantiate the structural trade-off

and field-level patterns.

2.6 Novelty and Impacts

Having established our two-dimensional novelty framework, we now test its central prediction:
that different pathways to novelty produce systematically different forms of scientific impact. We
examine whether our four neighborhood archetypes predict differential patterns in two impact
outcomes — high citation rates and disruptive influence. To ensure robustness, all results are

averaged over 100 bootstrap iterations”.

2.6.1 Temporal Novelty Predicts High Citations

Our first analysis examines the likelihood of a paper becoming highly cited, defined as reaching the
top 25% of citations within its publication-year-subfield cohort. The results, presented in Figure

2.8, reveal a clear and powerful pattern: temporal novelty is the primary predictor of citation

>We provide standard errors in Appendix A.5.
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Figure 2.8: Probability of Being a Highly Cited Paper (Top 25%) by Novelty Type. The baseline probability of being a
top-25% cited paper is 24.77%.

Increasing temporal novelty from low to high dramatically increases a paper’s probability of
being highly cited. Among papers with low spatial novelty, papers in Trendy neighborhoods are
1.6 times more likely to be highly cited than papers in Consolidating neighborhoods (29.1% vs.
18.1%). Similarly, among papers with high spatial novelty, papers in Trailblazing neighborhoods
are 1.65 times more likely than papers in Outlying neighborhoods (32.5% vs. 19.7%). This high-
temporal-novelty advantage of over 10 percentage points is substantial and consistent across both
levels of spatial novelty.

In contrast, the effect of spatial novelty is modest. Moving from low to high spatial novelty
increases the high-citation probability by only 1.6 percentage points for low-temporal-novelty pa-

pers and 3.4 percentage points for high-temporal-novelty papers. While statistically significant®,

®Detail numbers appear in Table A.19, Appendix A.5.1.
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this effect is an order of magnitude smaller than that of temporal novelty.

This pattern suggests that positioning a contribution within a dynamic research frontier confers
a powerful attentional advantage. Papers that engage with rapidly evolving conversations benefit
from the field’s momentum, the influx of new researchers, and the dense citation networks that

form around emerging topics.

2.6.2 Spatial Novelty Predicts Disruption

The relationship between novelty and impact reverses when we examine disruption. As shown in

Figure 2.9, spatial novelty emerges as the dominant predictor of disruptive influence.
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Figure 2.9: Probability of being a disruptive paper by novelty type. The baseline probability of being disruptive is
16.30%.

Increasing spatial novelty from low to high nearly doubles a paper’s probability of being dis-
ruptive. Papers in Outlying neighborhoods are 1.9 times more likely to be disruptive than papers

in Consolidating neighborhoods (22.4% vs. 11.8%), and papers in Trailblazing neighborhoods are
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1.9 times more likely than papers in Trendy neighborhoods (20.2% vs. 10.5%). This high-spatial-
novelty advantage is large and consistent across both levels of temporal novelty.

Conversely, temporal novelty is weakly negatively associated with disruptive potential. High-
temporal-novelty papers are approximately 1.3 percentage points less likely to be disruptive than
their low-temporal-novelty counterparts. This finding is conceptually intuitive: disruption, by
definition, involves rendering prior work obsolete. Such a stark break is more likely to occur when
a paper introduces a truly distinct perspective (high spatial novelty) rather than when it participates

in a crowded, cumulative conversation at an evolving frontier (high temporal novelty).

2.6.3 Navigating the Trade-off: The Trailblazing Archetype

Our framework identifies Trailblazing as a unique archetype that successfully navigates the trade-
off between spatial and temporal novelty. While these are the rarest neighborhoods, their impact
profile is exceptional. Papers in Trailblazing neighborhoods are not only strong performers on
both individual impact dimensions (32.5% high-citation rate, 20.2% disruption rate), but they also
exhibit a disproportionate likelihood of achieving both forms of impact simultaneously.

As shown in Figure 2.10, Papers in Trailblazing neighborhoods have a 5.5% probability of
being both highly cited and disruptive. This is nearly three times the rate of papers in Consolidating
neighborhoods (1.9%) and significantly higher than that of papers in Outlying are (4.0%) or Trendy
neighborhoods (3.1%). This high dual-impact probability suggests a powerful synergistic effect:
being both intellectually distinct (spatial) and well-timed (temporal) does not merely add to a
paper’s impact, but amplifies its transformative potential, creating a rare pathway to both immediate

relevance and lasting influence.
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Figure 2.10: Fraction of papers that are both top 25% high-cited and disruptive, categorized by novelty type. The base
rate of being both high-cited and disruptive is 3.59%.

2.6.4 Robustness and Alternative Specifications

The core patterns identified in our analysis prove robust across a wide range of alternative specifi-
cations. As detailed in the appendix, the dominance of temporal novelty for achieving high-citation
status and of spatial novelty for generating disruptive influence holds when using stricter citation
thresholds (top 10%, top 1%) and when examining disruption rates within different subsamples
of highly-cited papers (Appendices A.5.1 and A.5.3). An analysis of median citation counts adds
further nuance: while confirming the primary role of temporal novelty, it also shows that spa-
tial novelty provides a significant positive boost to citation levels, particularly for papers already
high in temporal novelty (Appendix A.5.2). The synergistic advantage in achieving dual impact is
similarly robust for papers in Trailblazing neighborhoods (Appendix A.5.4).

Furthermore, the framework’s integrity is confirmed by its insensitivity to key methodological

choices. The fundamental relationships are preserved when using a more restrictive 75th percentile
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threshold to define our novelty archetypes (Appendix A.5.5). Crucially, field-by-field analyses
demonstrate that the observed patterns hold within subfields, confirming that our findings repre-
sent general pathways to scientific influence rather than mere artifacts of disciplinary differences
(Appendix A.5.6).

This body of evidence strongly supports our multidimensional framework. It challenges uni-
dimensional approaches to novelty assessment by demonstrating that the pathways to scientific
impact are not singular but plural, each requiring distinct intellectual strategies and offering differ-

ent rewards.

2.7 Conclusion

This paper challenges a monolithic view of novelty, proposing instead a multidimensional frame-
work that distinguishes a paper’s intellectual distinctiveness (spatial novelty) from its engagement
with an emerging frontier (temporal novelty). We develop a scalable toolkit to measure these
dimensions and provide robust evidence that they are tied to fundamentally different forms of
scientific impact: citations and disruption. Our central finding is that the pathway to scientific in-
fluence is not singular, but plural. Recognizing these diverse pathways has direct implications for
science policy and evaluation. Funding and promotion systems that rely heavily on citation-based
metrics risk systematically favoring contributions in well-timed, Trendy neighborhoods at the ex-
pense of intellectually distant, Outlying work with disruptive potential. Our framework offers a
more nuanced vocabulary and a practical toolkit for cultivating a more diversified and ultimately
more innovative research portfolio. The conceptual shift from novelty as an intrinsic attribute to
a positional good opens up numerous avenues for future research. It invites a new program of
inquiry focused on the strategic dynamics of scientific discovery: how do these trade-offs manifest

across researchers, institutions, and funding contexts? By providing a quantitative map of the in-
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tellectual landscape, our work lays the groundwork for a richer, more ecological understanding of

how science progresses.
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CHAPTER 3
MANAGING STRATEGIC COMPLEXITY

3.1 Introduction

“The question [is] whether a simple attack, or one more carefully prepared ... will
produce greater effects. [...] Together with the expediency of a complicated attack
we must consider all the dangers which we run during its preparation, and should
only adopt it if there is no reason to fear that the enemy will disconcert our scheme.

Whenever this is the case we must ourselves choose the simpler, i.e., quicker way.

(Clausewitz, 1832)

In conflicts ranging from war to business to politics, the complexity of strategic interactions
is determined in part by the players within them.! Managing complexity can be a way to gain
a strategic advantage, but game theory has had little to say about how and why. What are the
tradeoffs as adversaries decide whether to complicate or simplify decisions (their opponent’s as
well as their own)? How should an analyst model the endogenous evolution of the complexity of a
strategic situation? We study these questions both theoretically and empirically in the context of a
strategically rich game for which there is an enormous amount of data: chess.

From a theoretical perspective, chess is an attractive setting to study because it is a vivid in-
stance of how standard game theory fails to account for the role of complexity. Zermelo’s theorem

says that since chess is a finite, two-player, extensive-form game without chance moves, every

"This chapter is based on joint work with Jeff Ely, Ben Golub, and Annie Liang.
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position has a minimax value: a unique prediction of the final outcome under rational play.> The
application of this result to chess is provocative because, in many positions, players neither know
the minimax value nor expect either themselves or their opponents to play the strategies presup-
posed by Zermelo’s theorem. This fact is important in practical play. For instance, chess coach
Bruce Pandolfini advises, “If winning, clarify; if losing, complicate [the position]” (Pandolfini,
1992). The standard game-theoretic model of chess lacks a way to justify or analyze this intuitively
appealing advice, and one of our aims is to develop a framework capable of such an analysis.

From an empirical perspective, chess is convenient because it is a rare example of an extensive-
form game that is played in the wild by players who are experienced, motivated, deliberate, and
sophisticated, where the game played by the players is precisely the game that is described by the
extensive-form representation. Moreover, play of this game on Internet platforms generates a huge
amount of empirical data that can be used to develop and estimate theories. We take advantage
of this, drawing our data from the open database of over 3 billion games played on the popular
platform Lichess.

We begin with a simple test of the standard game-theoretic model of chess: How well does
the standard model predict average game outcomes in actual play, starting from a given position?
We restrict attention to endgame positions, which occur in the final stage of a chess game when
few pieces remain on the board. These positions have been completely solved through brute-force
analysis, and so the minimax value of the game starting at any endgame position is known. We
compare the prediction of the standard game-theoretic model of chess—i.e., the minimax value of
the position—to the actual empirical average outcome.

To interpret the raw predictive performance of the model, we normalize a performance of 0 to

be the performance of a naive benchmark, and a performance of 1 to be perfect prediction. Follow-

%In fact, Ewerhart (2000) shows that chess is dominance solvable in two steps.
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ing Fudenberg et al. (2022a), we report the completeness of a model based on where in this range
it falls: the fraction of possible improvement over the naive benchmark that the model achieves.
We find that the game-theoretic model has a completeness of 72%, demonstrating that the standard
backward induction solution of chess endgames is an important predictor of behavior. Neverthe-
less, there remains a sizable gap between the received game-theoretic (minimax) prediction and
perfect prediction.

To assess how much of the remaining variation in outcomes is predictable, we next train a
machine learning algorithm to predict the average game outcome given not only the position’s
minimax value, but additionally a large number of other features of the position. We find that this
algorithm bridges much of the remaining gap, achieving a completeness of 93%.> Thus additional
positional information, beyond what is captured by standard game-theoretic model, is important
for predicting behavior.

In what follows, we focus on the role of one particular factor that matters for empirical play,
but is not accounted for by the standard theory: the complexity of a position. Intuitively, among
positions with the same minimax values, some are harder to understand and play correctly than
others. Complexity is a multifaceted concept, and rather than attempting to analyze it fully, we
define a simple heuristic measure of the complexity of a position. Our definition is based on
whether the minimax value of the position can be predicted using apparent features of the position,
or whether this value must be calculated through a more complicated brute-force analysis of the
game tree. Specifically, we fix a heuristic procedure for assessing the value of a position, and
define a position to be strategically simple if our heuristic prediction of the minimax value of the

position is correct, and strategically complex otherwise. We find that this measure of complexity

3Several recent papers use machine learning to understand human behavior in games. For example, Mcllroy-Young
et al. (2020) trains an algorithm to mimic human play in chess, and Fudenberg and Liang (2019) and Hartford et al.
(2016b) train machine learning algorithms to predict behavior in normal-form games.
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does indeed predict deviations of actual play from the minimax prediction, where real behavior is
closer to the standard game-theoretic prediction in simple positions than in complex positions.

We next use our measure of complexity to document an important cross-sectional fact: complex
positions occur more often between higher-rated players. More precisely, complex positions occur
73% more often in games between the top tercile of players than in games between the bottom
tercile.* Explaining why such variation occurs and interpreting what it implies about strategic
management of complexity requires a model that takes into account the various incentives for
complex play.

In the second part of the paper, we develop such a model. Our goal is to tractably capture some
key forces relevant to endogenous choice of complexity in a zero-sum game. The model has two
players who take turns moving, and an evolving position state variable—a coarse description of
the position on the board. The position state encodes (among other things) whether the position is
simple or complex. Moves available to a player induce distributions over the next-period position
states. Players can choose to make simple moves that aim to produce simple states or complex
moves that aim to produce complex states for the opponent. However, in moving, players may
unwittingly make blunders, defined as moves that reduce the value of the game for them—for
example, changing an objectively drawn position to one where the opponent has a forced win.
This corresponds to misperceiving the position state that a move will lead to. Players are more
likely to make blunders when they move in complex positions, and also when they make more
complex moves. The key tradeoff is the one discussed by Clausewitz (1832) in the epigraph: a
more complex move creates a harder situation for the opponent when it succeeds, at the cost of
increasing the probability of one’s own blunder in implementing the strategy. At the time of a

move, a player has a stochastic signal, called an insight, which informs him of how likely he is to

4Complex positions account for 14.8% of positions between high-rated players and 8.5% of positions among low-
rated players.
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avoid blundering if he attempts a complex move. The random insight draw reflects factors such
as experience with the position, time available to think, etc. We study Markov-perfect equilibria,
focusing on symmetric equilibria played by equally-skilled players.

We first fully analyze a special case of our model with two position states (simple and complex),
and use this characterization to highlight some of the key forces shaping endogenous complexity
choice. We show that any Markov-perfect equilibrium is associated with a cutoff: how strong
players’ insights have to be in order for them to choose complex moves. We characterize the equi-
librium cutoff and study local comparative statics of behavior as we change players’ skill, defined
as the player’s blunder probability in both simple and complex positions. The main message of
this exercise is that increasing the skill of both players has a theoretically ambiguous effect on the
prevalence of complex positions. Intuitively, the reason is that making players more skilled has
two effects. On the one hand, a more skilled opponent blunders less in all positions, and therefore
the value to putting a skilled opponent in a complex situation is smaller. On the other hand, a
more skilled player is less worried about the persistence of complexity, since he himself is better
at playing such positions; this reduces the cost of taking the game in a complex direction. Thus,
stronger players may be more or less likely to complicate a position (relative to weaker players),
and which possibility obtains is an empirical question.

To investigate this question, we structurally estimate a richer version of our model. To do this,
we use our classifications of positions based on complexity to define position states, and measure
transitions among these states in the data. We recover a structural estimate of the cutoff for playing
complex moves in different rating groups. The estimates show that strong players are in fact more
cautious than weak players given the same information. Interpreting this finding, we conclude
that high-rated players spend a lot of time in complex positions not because they are more willing

to take risks, but because they are able to maintain complex positions for many moves without
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blundering.

3.1.1 Related literature

We build on a literature that studies the role of complexity for decision-making. This literature has
primarily focused on single-agent decision problems, for example finding that people make more
errors when the environment is complex (Caplin et al., 2011; Abeler and Jiger, 2015; Oprea, 2020)
and that the complexity of the decision environment predicts which behavioral biases manifest (Ba
et al., 2023). Recent papers (like us) take advantage of the enormous Lichess database to study
decision-making through chess. For example, Russek et al. (2022) and Howard (2023) provide
evidence that chess players are rationally attentive over how to allocate their thinking time, and
Salant and Spenkuch (2023) show that players make more errors in more complex positions (i.e.,
ones with a longer depth-to-mate).’

Relative to the above papers, our interest is in the role of complexity for strategic interactions.
This is a conceptually different problem because the complexity of a strategic environment is often
determined by the players. Thus a first-order question is when (and why) a player should choose
to complicate the environment. There has been relatively little study of how individuals strategi-
cally manage complexity to either take advantage of an opponent’s bounded rationality or protect
against their own bounded rationality.® This is especially so in extensive-form games, where the
study of bounded rationality is often intractable. Different from classic papers in behavioral game
theory (see (Crawford et al., 2013) for a survey), we do not explicitly model the players’ bounded

rationality, but instead propose a stylized model that focuses on strategic management of complex-

3 Although we use a different definition of complexity, our finding that the standard game-theoretic model predicts
worse in complex positions echoes this result.

6Some notable exceptions include Gabaix and Laibson (2006)’s models of firms’ choices to shroud attributes when
interacting with myopic consumers, and Foarta and Morelli (2023)’s model of endogenous complexity choice for
policy reforms.
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ity.

Finally, a small literature tests game theoretic predictions “in the field” using real-world data
from professional sports games (Walker and Wooders, 2001; Palacios-Huerta, 2003; Chiappori
et al., 2002). These papers consider simultaneous normal-form games, e.g., penalty kicks where
each player has two possible actions. Our paper builds on this literature by contributing one of the
first field tests of game-theoretic predictions in a rich extensive-form game, finding the standard
game-theoretic model to be quite predictive but incomplete. The feasibility of our analysis is due
to an unusual combination of properties of chess: (1) the game involves rich dynamics, (2) the

game-theoretic prediction can be computed, and (3) there is a large quantity of data.

3.2 Data analysis

3.2.1 Description of data

Our data is built using the open database of the popular online chess platform Lichess. We include
all standard rated games with Bullet, Blitz, or Rapid time controls played between January, 2013
and October, 2022.

We test the standard game-theoretic model of chess by predicting how play starting at a given
position will end. Our dataset is D = {(p;, y;) }"_,, where p; is the FEN code for a position (which
fully specifies the state of the board and the player to move), and y; is the average outcome in

games in which position p; occurred. That is,

where G(p;) is the set of games ¢ in which position p; appears, and o, € {0,1/2, 1} is the outcome

of game ¢ (where 0 corresponds to a win for Black, 1/2 corresponds to a draw, and 1 corresponds
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to a win for White). We predict y; given the position p;, using mean-squared error as the loss
function, i.e., £(9;, y;) = (§; — y:)* where g; is the predicted average outcome.

We apply a few restrictions to which positions are considered. First, we include only positions
with 4-6 pieces, i.e., endgame positions. These positions have the advantage of being completely
“solved,” i.e., it is known whether White can force a win, Black can force a win, or if either player
can force a draw at this position. We thus know the standard game-theoretic prediction (which we
want to test) and do not need to rely on proxies such as chess engine evaluations. Besides this
restriction, we include in G(p;) only games in which the player to move at position p; has at least
30 seconds on the clock, and require that G(p;) include at least 100 games.

These restrictions leave us with a total of 604,081 positions from 172,543,394 games, where
each position appears in an average of 285.6 games. Figure 3.1 reports a histogram of average

game outcomes across all positions in our data.
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Figure 3.1: Distribution of the average game outcome across all positions in our data set.

3.2.2 Testing the standard game-theoretic prediction

The minimax value of the game starting from a specific position is known as the tablebase value

of the position (named after a database comprising these values). We denote the tablebase value of
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position p; by vrp(p;) € {1,1/2,0}. According to the textbook model of chess, all games in which
position p; arise will result in the outcome v g(p;). Thus, the prediction rule we call Tablebase is

the following.
Tablebase: In each position p;, predict vy g(p;).

To understand the size of the absolute error of the Tablebase prediction rule, we compare it to
the performance of a naive benchmark, which we interpret as a “worst-case” prediction rule for
this problem. The benchmark we use is informed by a common heuristic in chess: Each piece is
assigned a point value,” and the strength of each side is computed as its total point count. A player
with a higher point count is said to hold a “material advantage.” For each position p;, we define
vara(pi) to take value 1 if White has a material advantage, O if Black has a material advantage, and

1/2 if the two sides are equal in material value.
Material Advantage. For each position p; predict vy 4 (p;).

Table 3.1 reports the mean-squared error of each of these prediction rules. We find that Table-

base predicts the average game outcome much better than our material advantage benchmark,

demonstrating that game-theoretic properties are highly predictive of the final game outcomes.®

Nevertheless, there remains a substantial gap between the performance of this rule and perfect

prediction.’

We now quantify this. The completeness of a prediction rule is defined to be its
improvement over Material Advantage, divided by the maximum improvement possible (i.e., what

would be achieved by perfect prediction). Table 3.1 reports the completeness of Tablebase to be

"Pawns are each worth one point, knights and bishops are each worth three, rooks are worth five points, and the
queen is worth nine points (Shannon, 1950).

8Since our Tablebase and Material Advantage rules are each non-nested within one another, in principle Tablebase
could under-perform our benchmark for predicting actual play.

°In Appendix B.1.1, we report the performance of a more flexible variant on our Tablebase model, in which
positions are partioned based on their tablebase value, but the prediction for each partition is empirically estimated
from data.
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72% (i.e., Tablebase reduces 72% of the error of the material advantage benchmark relative to
perfect prediction). Thus while the tablebase value is an informative statistic of the position for
predicting the average game outcome, it is not the only statistic that matters: There is additional
predictive signal in the position.

We can attempt to uncover some of that signal by defining features to describe other strategic
properties of the position. These features cover a broad range of categories. Some are summary
statistics of the position, such as each player’s total piece count and the difference between these
counts (thus nesting the Material Advantage benchmark model). Some are more detailed descrip-
tions of the position, such as whether the position involves only kings and pawns, and the area of
the smallest rectangle that encloses all of the pieces. Some are descriptions of the complexity of
the position—for example, the fraction of feasible moves that are non-blunders (i.e., that maintain
the current tablebase value), and the minimum number of moves required to force a win. We also
include the tablebase value of the position as a feature (thus nesting Tablebase as a model). The
complete list of 66 features can be found in Appendix B.3.

We train a random forest algorithm on these features, and evaluate its five-fold cross-validated
mean-squared error.!® We find that this machine learning algorithm removes much of the remain-
ing error, achieving a completeness of 93%. The strong performance of this algorithm makes it
clear that the imperfect predictiveness of Tablebase is not due to average game outcomes being
fundamentally unpredictable from positional information. Rather, there is systematic variation in
game outcomes that cannot be predicted from the tablebase value of a position, but can be pre-
dicted from other features of the position. Table 3.1 is thus a strong refutation of the strawman

model of chess as a game of perfect information played by unboundedly rational players.

10That is, we split the data into five equally sized sets of positions. In each round of cross-validation, we select
one of the subsets to use as a test set, train the model on the remaining data, and evaluate the average mean-squared
error on the test observations (the test error). The five-fold cross-validated mean-squared error is the average test error
across these rounds.
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Error Comp
Perfect Prediction 0 1
ML Algorithm 0.0035 93%
(1.1 x 1079)
Tablebase 0.0138 72%
(3.3 x 107°)
Material Advantage 0.0494 0
(12.2 x 107°)

Table 3.1: Performance of the different prediction methods.

3.2.3 Strategic complexity

One feature that Tablebase does not account for is the complexity of the position. For example,
both positions in Figure 3.2 are White wins according to Tablebase, but the win is easy to see in
the first position (Panel (a)), and not so easy to see in the second (Panel (b)). In actual game play,
the first position leads to a White win 90% of the time, while the second position leads to a White
win only 17% of the time.

Rather than attempt to precisely capture what complexity means in chess, we instead define a
heuristic measure. Roughly speaking, we think of the position as simple if the tablebase value of
the position is easy to discern based on a small number of interpretable features of the position. To
implement this, we train a short decision tree (depth-5) to predict the tablebase value of a position
given other interpretable features of the position.!! Let o75(p;) € {0,1/2,1} denote the prediction

of the decision tree.

Definition 1. Say that a position is strategically simple if the decision tree prediction is correct,

1A decision tree is a popular machine learning algorithm that partitions the feature space and learns a constant pre-
diction for each partition element. We implement a version of this algorithm in which the tree recursively partitions the
feature space using a True/False question about the value of some feature, which is chosen to greedily minimize mean
squared error. We constrain the decision tree to only include 5 levels of features (resulting in a depth-5 decision tree),
and train it using our entire dataset of positions. Even with 5 levels of features, the trained model is not interpretable,
so we do not include it here.
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(a) Example “simple” position (b) Example “complex” position

Figure 3.2: In both positions, the tablebase value is a White win. But empirical play diverges substantially from this
prediction in the left panel and not in the right. We may intuitively consider the left panel an example of a “simple”
position and the right panel as an example of a “complex” position, and the classification rule we develop agrees with
this labeling.

i.e., o7p(p;) = vre(p;), and otherwise say that the position is strategically complex.

To interpret this definition, observe that the model learned by the decision tree algorithm is
optimized to predict well in general across positions. When this model fails to predict well, sug-
gesting that the position at hand is atypical, we call the position complex. The position in Panel (a)
of Figure 3.2 is labeled simple by our measure, while the position in Panel (b) is labeled complex.

Since our complexity measure is a function only of the position (and not based on empirical
data of play), we can meaningfully ask how it correlates with actual play. We do this in Table
3.2, where we compare the performance of Tablebase across simple and complex positions. We
find that, as expected, Tablebase is a less accurate predictor of final game outcomes in complex
positions.

We next study the aggregate distribution of positions according to our measure, which reflects

the endogenous choices of players regarding whether to pursue more complicated or simpler lines
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Simple Positions Complex Positions
Tablebase Error 0.0125 0.0206
(3.4 x 1079) (10.5 x 107°)

Table 3.2: Tablebase is a less accurate predictor in complex positions.

of play. We consider the distribution of positions separately for players in three rating categories:
The low-rated group consists of players whose ratings are below the 33rd percentile, the medium-
rated group consists of players whose ratings are between the 33rd and 66th percentile, and the
high-rated group consists of players whose ratings are above the 66th percentile.!?13

Figure 3.3 reports the aggregate incidence of complex positions in games between players of
each of our three rating groups. In games between low-rated players, approximately 10.87% of the
positions that occur are complex. This number rises to 13.83% for games between medium-rated
players, and 18.45% for games between high-rated players. The stylized fact that emerges is thus

that complex positions occur more often in games between higher-rated players.

”s Share of complex positions by rating
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Figure 3.3: Complex positions emerge more often in games between higher-rated players.

2The Elo rating of a player is a constantly-updated statistical estimate designed to satisfy the property that two
equally rated players are expected to be equally matched. We use the reported Lichess rating distribution, according
to which the 33rd percentile rating is approximately 1280, and the 67th percentile is approximately 1670.

13See Appendix B.1.3 for a reproduction of Table 3.1 for players in each of these three rating groups.
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This cross-sectional comparison shows that more skilled players bring about a different dis-
tribution of complexity through their moves. But our aggregate statistics reported in Figure 3.3
confound several possible reasons for this variation.

One possibility is that players have a stronger incentive to pursue complex moves against
higher-rated opponents, because this is the only way to induce those opponents to blunder. Thus,
players are more likely to risk a complex line of play in these higher-rated games, even when they
are not confident that this line will be to their advantage. This story suggests a higher benefit to
complex moves for higher-rated players. Alternatively, it could be that higher skilled players are
simply better at thinking through complex lines, and hence less likely to blunder when executing
these lines. In this case complex moves are implemented at a lower cost for higher-rated players.

A third possible force, which could operate alongside the channels just discussed, is that better
players actually choose complex moves relatively rarely, but that those moves lead to no-exit com-
plex positions, i.e., hard lines with few opportunities to transition out into simple play as long as
players do not blunder. In this possibility, the high incidence of complex positions is a consequence
of higher-rated players being able to play correctly in persistent no-exit lines, rather than playing
speculatively often.

We do not have good a priori reasons to forecast which of these different explanations is more
important. To tease out these different strategic forces and better structure our interpretation of the

data, we develop a model that will allow us to more carefully analyze the various channels.

3.3 Theoretical Analysis

We now present a simple dynamic game, with the purpose of studying how strategic choices shape
the complexity of a game. We describe a general framework in Section 3.3.1 to introduce key

terminology and ideas. In Section 3.3.2, we specialize to a binary state case to illustrate some
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important strategic forces in the model. We show that the effect of skill on players’ strategic
choices is theoretically ambiguous: In equilibrium, more skilled players may be more or less
inclined to try complex moves given the same subjective probability that they are blunders. In the
subsequent Section 3.4, we extend this basic model to include other, more realistic, features of

actual play, and structurally estimate this model.

3.3.1 General framework

There are two players, ¢« = 1,2. Time is discrete. Player 1 moves at odd periods and 2 moves at
even periods.

There is a set of position states X'. (All sets will be taken to be finite.) Each position state z € X
is associated with a set of possible moves, M,.. Each move m € M, is associated with a transition
distribution 7, ,,, € A(X) over the next position state. The moving player knows the current state
x and receives a signal about the vector (7, )men,, Which gives the player a subjective belief
over the consequences of various moves.'* We denote the signal, or insight, received by the player
moving at time ¢ by I’; the distribution of the signal may depend on the current position state x.
The signal takes values in some space Z,.

A subset £ C X of position states are terminal states. Each such state x € £ is assigned a value
v, € {0, %, 1}, corresponding, respectively, to whether that state yields player 1 a loss, a draw, or
a win.!> The game is zero-sum; it gives player 1 the value v, at the first terminal state x reached,
and player 2 a value of 1 — v,.

We will focus on Markov strategies. A Markov strategy prescribes, for every state x € X'\ &,

an r-dependent map o, : Z, — M,. A Markov strategy profile is a Markov-perfect equilibrium

1“We omit notation for the prior over this variable.
15We will work with specifications under which a terminal state is reached with probability 1, making it immaterial
how we define what happens otherwise.
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if, given the other’s strategy, neither player can find any other dynamic strategy (not necessarily

Markov) that yields a higher expected payoft.

3.3.2 Binary position states

The general model allows for position states to be a rich description of the position, for example
determining the kind of moves that are available at that position. We now specialize to binary
position states that simply encode whether the position is simple or complex. We demonstrate that
even in this minimal model, the incentives for complexity are nuanced.

Sections 3.3.2.1 and 3.3.2.2 describe the game; Section 3.3.2.3 solves for equilibrium; and

Section 3.3.2.4 considers a comparative static of players’ strategies with respect to player ability.

3.3.2  Setup

There are two possible non-terminal position states X = {s, ¢} called “simple” and “complex.” At
every position, the set of possible moves is M, = {5, C'}; that is, there is always a simple action
and a complex action available.

At each time ¢, if the current state z; € {s, ¢} is non-terminal, the player to move, 7, chooses
amove m; € {S,C}. Then Nature determines a random transition to the next position state x;, ;.
One possibility is that the game transitions to the terminal state b; where player ¢ loses; this is
called a blunder. The probability of a blunder depends on the position state x; and the player’s
move m;, as described in Figure 3.4. All else equal, the probability of blundering is higher in
complex positions and after complex moves. Specifically, a simple move in position x avoids a
blunder with probability ., where a. > as.

A complex move in a position x instead avoids a blunder with probability o, I’. This random

variable, the insight draw I, takes values in [0, 1], and represents the moving player’s information
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about the transitions. We interpret it as a reduced form for various factors, such as how much time
the moving player has to think through the consequences of the currently available complicating
tactic, or how well the player has studied this particular line of play. Higher realizations of insight
mean that the relative cost of a complex move (compared to a simple move) is lower. When [, =
then simple and complex moves lead to equal probabilities of a blunder.

The realizations of insight I, are i.i.d. across periods ¢. We assume that each I’ has an atomless
density, and use F), to denote the CDF of I.. Finally, we assume that the distribution of I! first-
order stochastically dominates the distribution of I’; that is, insights are stochastically higher and
thus complex moves are less risky in simple positions than in complex positions. We focus on a
symmetric version of this game, where all parameters and distributions are identical across the two

players.

3.3.2 Discussion

The basic strategic incentives in this model are as follows. Choosing a complex move has three
implications: First, it leads to a higher probability of blunder, which reduces the incentive to choose
a complex move. Second, conditional on not blundering, it puts the opponent in a complex position
next period (thus facing a higher probability of blunder), which increases the incentive to choose a
complex move. Finally, it affects the subsequent evolution of complexity of future positions, with
implications that depend on what the equilibrium looks like.

We collect below some further comments on the model:

The interpretation of a period. It is possible to think of each “move” in our model as a stand-in
for a sequence of play. In this case a complex move means engagement in a complex sequence,
for example a tricky exchange. The probability of blunder is then actually the total probability of

a blunder at some point in this sequence. When we introduce a richer model suited to structural
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state x, = x

1

1-al a,l!
game ends with game continues  game ends with game continues
payoffs (0,1) with x,,; = ¢ payoffs (0,1) with X =s
blunder blunder

Figure 3.4: Description of the game

estimation in the next section, we will explicitly model this aspect.

Reduced form model. We don’t explicitly model the specific chess moves that player might
make as part of an extensive-form game. We view this simplification as a key strength of the
model, since it makes the study of boundedly rational players possible even in this (very rich)
extensive-form game. We make progress by qualitatively categorizing moves into “blunders” and
“non-blunders,” and focus on decisions for whether to go down complex versus simple paths in the
game tree.

Decisiveness of blunders. In this model, blundering transitions to an objectively lost position
with a payoff of 0. A richer model would add more states to capture uncertainty over whether the
opponent will actually be able to achieve a win. We abstract from this possibility for a cleaner
analysis, although the general framework from Section 3.3.1 can accommodate such an elabora-

tion.



82

3.3.2  Equilibrium existence and characterization

Our solution concept is Markov-perfect equilibrium (subsequently simply equilibrium), so that
each player’s strategy is a function of that period’s position state ; and insight draw I . Our first
result says that in any Markov-perfect equilibrium, player strategies are characterized by threshold

rules.

Proposition 1. Consider any Markov equilibrium. In this equilibrium, players’ strategies are
characterized by a threshold p € [0, 1], such that at any period t with position x and insight draw

It a player plays Complex if I'. > p, and Simple if I' < p (with ties broken arbitrarily).

To characterize equilibrium thresholds, it will be useful to keep track of some statistics of play.
For any cutoff p, let p,(p) = 1 — F,(p) be the equilibrium probability of playing a complex move

in position x. Moreover, define the successful gambit probability of state x as

ou(p) = o [ B ().

This is the equilibrium probability that the player plays C' and does not blunder. Given these

quantities, define

1— gs(ﬁ) + gc(p)

Rlp) =173 as(1 = ps(p)) = ac(l = pe(p))

3.1

Using this function, we can write down a simple, one-dimensional characterization of Markov-

perfect equilibria.

Proposition 2. A Markov-perfect equilibrium in threshold strategies exists. Every equilibrium with

threshold p satisfies p = R(p) and is interior.

From now on, we focus on equilibria that are stable to best-response dynamics.'®

16This focus is not crucial to the main message of this section—that comparative statics in ability are theoretically
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Definition 2. A Markov-perfect equilibrium with threshold p is locally stable if R'(p) < 1.

This definition can be motivated with a standard learning dynamics. The condition implies that
small common perturbations of the threshold p are eliminated by adjustment dynamics!” and the

system converges back to p (see Figure 3.5).

Proposition 3. A Markov-perfect, locally stable equilibrium in threshold strategies exists and is

interior.

R(p)

—p
1

Figure 3.5: For this example function R(p), there are two stable equilibria and one unstable equilibrium.

3.3.2 Comparative statics in ability

We now examine comparative statics for how play at stable equilibria changes in player ability,
which we model as improvement in the accuracy levels («;, a.). We analyze a perturbation that

increases both o« and «,.

Proposition 4. Fix initial parameters (a2, a0) and an interior locally stable equilibrium with

threshold po. Letting (¢, &) denote changes in these parameters, there is a unique continu-

ous function p(é., &) defined on a neighborhood of 0 describing the comparative statics of the

ambiguous. However, focusing on stable equilibria makes that message more robust, since unstable equilibria often
have strange comparative statics.

"For completeness, we specify the dynamics we have in mind. Each player’s threshold is public. In continu-
ous time, players have the opportunity to revise their thresholds at some rate. When they do so, they revise them
myopically, best-responding to the threshold of the last game they played (or an average of recent games).
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equilibrium threshold, with p(0) = po. Then the threshold p decreases and play of C' increases,

p(a) < Po lf
sy, (3.2)

o

where v > 0 depends on the equilibrium. The threshold p increases if the inequality is reversed.

As a special case of this result, suppose players improve only in simple positions (as > 0, a, =
0) or only complex positions (o = 0, a. > 0). Proposition 4 says that (holding all else equal), the
equilibrium cutoff p decreases in the first case and increases in the latter. That is, players are more
willing to pursue complex lines as their play (uniformly) improves in simple positions, and players
are less willing to pursue complex lines as their play (uniformly) improves in complex positions.

In general, when players simultaneously improve in both simple and complex positions, then
the impact on incentives for complexity can go either way. The condition in (3.2) says that play of
C increases if players get better at simple positions sufficiently fast relative to their improvement
in complex positions. Intuitively, this condition compares the current risk of the complex move
relative to the gain in the probability of the opponent blundering next period. When the ratio in
(3.2) is large, then the perturbation makes it more worthwhile to put the opponent in a complex
position.

The quantity v on the right-hand side of (3.2) is explicitly computed in Section B.2.3. An
interesting limit case occurs when the players’ cutoff p for complex moves is close to 1. This is
the case if complex moves are chosen only when players are highly confident; we will see below
that this is a relevant case in the data. Then ~y is approximately 1, so what matters for the direction

of change in p is whether players improve more in simple positions than in complex ones.
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3.4 Structural Estimation

In the data, we found that higher-rated players end up in complex positions more often than lower-
rated players. As the simple model makes clear, both skill and strategic choice have a role to play in
the observed prevalence of complexity. Moreover, we saw that the strategic channels are subtle—
whether higher-rated players are more inclined to choose complex positions is not determined by
theoretical considerations, and depends on the details of the environment. To better understand the
strategic forces that shape the prevalence of complexity in our data, we now structurally estimate
a richer version of our model.

The model in the previous section was highly simplified for illustrative purposes, and did not
include many features relevant to real play. For example, in reality, insight distributions are not
held fixed as we vary player skill levels, as we assumed in the comparative statics studied in
Section 3.3.2.4. Another important feature in the data is that, at many moves, players do not
have a choice between simple and complex positions. In particular, complex positions often beget
complex positions, with no possibility for a (non-blunder) exit to a simple position. This is clearly
a potentially important feature in explaining the prevalence of complex positions in reality, and
should be assessed alongside the strategic channels.

To accommodate these features, in this section, we develop a richer version of the model, and
subsequently structurally estimate from the data the strategic choices of complexity of players
at various rating levels. The estimates will imply that higher-rated players actually have more

stringent cutoffs for choosing complex moves.
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3.4.1 A richer model

We begin by describing the expanded set of position states X. Each position is characterized
first by whether the position is simple or complex, and second by whether the set of available
moves is {S} (only simple moves are available), {C'} (only complex moves are available), or
{S,C} (both simple and complex moves are available). We describe each position by the pair
r = (zp,x5) € {s,c} x {S,C,SC}, where the first component, x,, refers to the present state
of the position, and the second component, x, refers to the reachable futures. Thus there are 6
non-terminal states.

We now describe the transitions between position states, i.e. the distributions 7, ,,. When a
player is called to move at a state © = (z,, ), he avoids a blunder and implements the desired
type of position m; with a certain probability: this probability is «,, if he plays S and O%I;p
if he plays C'. The numbers c,, are known constants, while the insight draw I;p has a known
distribution £, that admits an atomless density. We will assume that o, < 1 and o, [, ip < 1 for
both values of x,,, but do not otherwise restrict these numbers or distributions. If the moving player
1 does not avoid a blunder, then the next position state is z;,1 = b;, i.e., a loss for player 7.

Conditional on a blunder not happening, the move m € M, induces a distribution i, ,, €
A(X) over states for the other player.'® This distribution must be consistent with m in the sense
that if m = S (the move is simple), then ., is supported on position states ' with 2}, = S (the
next position is simple), while if m = C' (the move is complex) then i, ,,, is supported on position
states with x;, = C' (the next position is complex). What x determines is the distribution over z’;
for the next position state, 1.e., what types of futures are reachable from the next position.

The payoffs are just as described in Section 3.3.2. As before, we focus on symmetric equilibria.

8Note that this is the distribution 7 in the general model conditioned on not blundering.
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3.4.1 Discussion

The main generalization relative to the binary-state model from Section 3.3.2 is that making a move
successfully (i.e., without a blunder) can induce different distributions over next-period position
states, depending on the value of the current position state x. For example, the model allows
for the complex state to be more persistent, in the sense that it is more likely that the only move
subsequently available to the opponent maintains the complexity of the position (corresponding to
the state (¢, {C'})).

The non-terminal positions should be interpreted as objectively drawn positions, because a
player can only transition to a terminal tate by making a blunder that gives the other player a win.!”
A non-blunder move should thus be interpreted as maintaining the draw and giving the other player
the move. When we estimate the model, we will work with positions which satisfy these condi-
tions. In reality, even in this set of positions games can also end through a draw by mechanisms

such as insufficient material or stalemate. We omit these to simplify the analysis, though we do

not expect that adding transitions to such states would significantly change the subsequent results.

3.4.2 Equilibrium cutoffs and observed play

The following result is a straightforward extension of our previous solution to the binary-state

model (Proposition 1).

Proposition 5. There exists a Markov-perfect equilibrium of the game. It is characterized by a
cutoff p, at those states v = (x,, xs) such that vy = {S, C}, (i.e., where the moving player has a
choice). The moving player chooses m = C' if Iip > peandm = S if Iip < pg, again with ties

broken arbitrarily.

19In winning positions, there are blunders of two types—ones that result in a tabelebase draw, as well as ones that
result in a loss, as well as moves that immediately end the game with a win.
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We now derive the cutoffs that are optimal in a given equilibrium as functions of observables, in
preparation for structurally estimating the model.

Play of an equilibrium yields, for each x € X, a transition distribution ¢, € A(X’) to non-
terminal states. We write ¢, ,» for the probability of transitioning from game state = to 2/, and T
for the matrix whose row indexed by x is t,. We also write b, for the probability of a blunder in
state x. Note that b, =1 — ) , T} ..

In a given equilibrium, every game state x € X is associated with an equilibrium value v,.

Letting Xy = &'\ € be the set of non-terminal states, the vector (v,).cx,, satisfies a recursive

equation:
v = bll) -dO +T(1—-v). (3.3)

successful move

The moving player receives 0 if he blunders, and otherwise he receives 1 minus the value of the
state to his opponent. Recursively, this system determines the value of any state from the known

values of the terminal (blunder) states: solving the system, we have?

v=I+T)'T1. (3.4)

Let Xo € X be “choice nodes,” i.e., the set of position states = such that x ¢ is nonsingleton—
i.e., so that there are non-blunder moves creating both simple and complex positions for the op-
ponent. Recall that the move m € M, induces a distribution i, ., over states for the other player

conditional on not blundering. Given p, ,,, we can compute the conditional expected value of

20By the assumption stated before Proposition 5, T has all rows summing to strictly less than 1, so the inverse exists
by the Gershgorin circle theorem.
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making each move at state x € X to be

uh = e (@) (1= ). (3.5)

r'eX

The cutoff for making a complex move can then be calculated to be

Pz = ki (3.6)

This formula, which is the main point of this subsection, relates the optimal cutoff to the payoff
quantities on the right-hand side. In equilibrium, a complex move is attractive insofar as it makes
the opponent worse off when it is successfully executed, putting the opponent in a state with a

lower value v,.. The degree of this appeal is quantified by the formula in (3.6).

3.4.3 Estimating the model

We assume that observed play follows a Markov-perfect equilibrium of the above game. Fixing a
given population of games (for example, games between low-rated players), our structural model
allows us to estimate cutoffs p, in different position states x.

In more detail, we first fix a rating tercile and look at all positions that appear in at least 100
games between players within this rating tercile. In accordance with the model, we also restrict
attention to starting positions that are tablebase draws, and from which legal moves result in either
a tablebase loss for the moving player, or a position at which the other player has the move. We
call the resulting set of positions P. A blunder is a move that changes the tablebase value of the

position to a loss for the moving player.?! We define P’ to consist of all positions reachable by

2INote that, given the set of positions we are working with, any move is either this type of blunder, or a move that
maintains the tablebase value of a draw.
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making a non-blunder legal move from some position in . Using our complexity measure from
Section 3.2.3, we classify all positions in PUP as simple or complex. We then assign each
position p € P alabel (xp, xf), with z,, reflecting whether the position itself is simple or complex,
and x ¢ reflecting whether the non-blunder moves result in only simple positions for the opponent,
only complex ones, or at least one of both. This yields a label for every position in P and a label
for every possible move as simple or complex. We can then compute empirical frequencies of
transitions P(xt, my, ,.1) from position state x; to position state x;,1 following move m;. Each
observed transition is weighted by the number of times it occurs in the data.

A consistent estimator T for T is readily constructed by using empirical frequencies of transi-
tion:

Tyor = Z P(x,m, ).

meM,
Plugging this into (3.4), we obtain an estimate v of the vector of position values. We can also
directly use the empirical transition matrix P to estimate [z.m, the conditional distribution over X
after move m in position state x.2?
Finally, our estimates of i and v allow us to estimate u;f;n using (3.5). We thus obtain an

estimator of the insight cutoff p, for choosing to play C' rather than S in state x, given by

3.4.4 Structural estimates

We define the acceptable complexity risk at any position state = to be 6, = 1 — p,. This is

the discount in execution probability for complex moves that makes a player indifferent between

22 etting N (a),,7') be the number of observations in the data with a given value of (x},, z}) following =, we define

fa,m (2, x’f) = nx7(m7x})/zx}{ Mg, (m, ) if ;L'; =m and [L%m(x;, x’f) = 0 otherwise.
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choosing a simple and a complex move.?* It is a measure of (equilibrium) willingness to make
complex moves, with higher values meaning a higher inclination to make such moves given the

same information.

Acceptable complexity risk by rating group and position state

B in simple positions
0.030 4 I in complex positions

0.025

0.020 1

0.0154

0.0104

Acceptable complexity risk
6x=1-px

0.005

0.000 -

Low-rated Medium-rated High-rated
Group

Figure 3.6: The estimated acceptable complexity risk b for each rating group in simple and complex positions.

We estimate the model separately on each of the three rating tercile groups described in Section
3.2.3.2* Figure 3.6 reports our estimates of acceptable complexity risk for each rating group and
type of starting position. (Appendix B.4 documents the details behind the estimation.)

The estimates show that in both simple and complex positions, the acceptable complexity risk
decreases monotonically in player ratings. That is, higher-rated players need to be more sure that
they will not blunder following a complex move in order to attempt it. These differences are
statistically significant.?

This finding is perhaps surprising in light of our previous result that play of complex positions

increases in frequency for higher-rated players. These two findings are reconciled by the different

2In principle this number could be negative, but it is always positive in the data.

24We have 24,343,705 games and get 7,235 positions for low-rating group; for medium-rating group, we have
75,463,973 games and get 40,326 positions; for high-rating group, we have 82,817,091 games and get 77,027 posi-
tions.

ZBootstraped standard errors are computed by redrawing games with replacement from all games included in the
relevant player group, and then constructing the data set of positions from the sampled set of games.
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persistence of states for players of different rating levels. In particular, complex moves often lead
to complex positions in which the only non-blunder moves are ones that maintain the complexity of
the position. Low-rated players are more likely to blunder in such positions, resulting in an early
termination of the complex sequence. In contrast, high-rated players blunder less, which yields
longer sequences of complex positions. This persistence of complex positions compensates for
the lower rate with which higher-rated players transition to such positions, and results in a higher
prevalence of complex positions in their play.?

We conclude with a discussion of why the acceptable complexity risk decreases as player rat-
ings increase. To understand this, recall the fundamental tradeoffs in our model. First, there is the
immediate consideration that complex moves are harder to implement and increase the probability
of a blunder. This force dissuades complex play. Second, there is a strategic consideration: If the
value v, to starting a turn in position x is lower at complex positions (as we find it is), then there
is a strategic benefit to putting the opponent in a complex position next turn. This force encour-
ages complex play. Finally, there is a dynamic consideration: Putting the opponent in a complex
position may boomerang back, amplifying the impact of the first force (i.e., a higher probability of
blundering in complex positions). This again dissuades complex play.

Naively considering the first force—the relative probability of blunder in the two states—would
suggest that low-rated players are less likely to engage in complex play, since we find that low-
rated players blunder much more frequently in complex positions compared to simple positions.
But it turns out that this direct force is overturned by two things. First, we find that v, is sub-
stantially more sensitive to the position state for low-rated players than high-rated players (see
Section B.4.3); that is, low-rated players are more disadvantaged by being placed in a complex

position compared to high-rated players. This means that strategically, it is more worthwhile for

26Section B.4 details the transition rates in all rating groups.
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low-rated players to put their low-rated opponents in such positions.

The greater variability of v, for lower-rated players also means they are more disadvantaged
if the position boomerangs back to them in a complex state. But the second crucial observation
is that this dynamic consideration is only relevant if the opponent does not in fact blunder. Since
the low-rated opponent is more likely to blunder in a complex position,?’ the relative weight of the
third force is smaller. Together, these differences result in low-rated players being more willing to

implement complex moves in our data.

3.5 Concluding discussion

There are many natural next steps on the questions this paper examines.

Other complexity measures. Our modeling approach is flexible with respect to the definition
of the complexity of a situation facing a player. We have presented one operational definition to
implement the empirical analysis, but one could use others. For example, the depth of strategic
reasoning required in various positions could be a natural factor for such analyses to take into

account.

The strategic implications of time. Another factor that we have not focused on is time on the
clock, which affects how long players have to think about their moves. Time is relevant for how
complexity affects players, and the strategic management of the clock is a realistic feature of chess.
In reporting our empirical results, we group games with different time controls, but one could
disaggregate these. Our structural model could be extended by allowing the insight distributions

to depend on an information acquisition decision, i.e., how long to think. A fully strategic model

?"Indeed, for high-rated players in such positions the blunder rate is 0.04, half of the value of 0.08 observed among
the high players (Section B.4.1).
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of time-management is a formidable task, but one that might make for rich extensions of the basic

model.

Richer position states and asymmetric abilities. Our structural exercise used a particular set
of positions to estimate players’ cutoffs for playing complex moves. It would be straightforward
and interesting to study a much larger class of position states. For example, we could include
position states where either player is ahead—i.e., has a tablebase win.?® This would directly test the
Pandolfini advice quoted in our introduction, to complicate losing positions and simplify winning
positions.

Relatedly, we have focused on games between closely-matched players, partly because these
are most common. However, it would be feasible to cut the data more finely and estimate the

strategic implications of ability asymmetries.

28This would entail more transitions to keep track of, and the structural estimation would have more parameters.
For example, from a position that is a tablebase win for the moving player, a blunder could transition the state to either
a tablebase draw or a tablebase loss for that player.
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CHAPTER 4
THE TRANSFER PERFORMANCE OF ECONOMIC MODELS

4.1 Introduction

Economists routinely make predictions in environments where data are unavailable, relying on
evidence from related but distinct contexts.! For example, an economist at a development agency
may need to predict diffusion of microfinance takeup in one Indian village given data on diffusion
in others. Or an economist at an insurance company may need to predict willingness-to-pay for
certain insurance plans given data on willingness-to-pay for others.

Traditionally, economists address this challenge by estimating economic models on existing
data and using the estimated parameters to make predictions in new domains. But the predictive
success of machine learning algorithms in several economics applications (e.g. Hartford et al.,
2016a; Hofman et al., 2021; Banerjee et al., 2024) raises the question of whether the economic
model is essential in this process, or whether predictions would be improved by training and porting
a flexible machine learning algorithm instead. This is an empirical question: On the one hand,
machine learning methods are capable of uncovering novel patterns that existing models miss
(Fudenberg and Liang, 2019; Peterson et al., 2021; Ludwig and Mullainathan, 2023); on the other,
many researchers believe that structured economic models capture fundamental regularities that
generalize more reliably across domains (Coveney et al., 2016; Athey, 2017; Beery et al., 2018;
Manski, 2021). Understanding whether economic models do in fact transfer better across domains

is important to understanding their future role within economic analysis and policymaking.

IThis chapter is based on joint work with Isaiah Andrews, Drew Fudenberg, Lihua Lei, and Annie Liang.
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Our paper provides a conceptual framework that formalizes the “out-of-domain” transfer prob-
lem, and develops econometric tools for systematic comparison between economic modeling and
machine learning algorithms. The work on external validity described in Section 4.1.1 considers
either an ex post perspective (directly applying the model on a new dataset) or an interim per-
spective (conditioning on partial data from the target domain). In contrast, we take an ex-ante
perspective where the economist is aware of a class of relevant domains, such as Indian villages,
but does not know which specific transfer problem will realize. For example, instead of assessing
whether a structural model of information diffusion will transfer well from a specific Indian village
to another, we ask whether the structural model transfers well “in general” across Indian villages.
Our focus is not on the average or expected performance of a model across domains, but on the
realized transfer error that arises when a researcher, using a fixed procedure and limited training
domains, applies the model to a new domain drawn from a population of domains. This realized
transfer error is itself a random variable, reflecting randomness in both the training domains and
the target domain.

Our main theoretical contribution is the construction of finite-sample forecast intervals that

characterize how well a model or algorithm performs in new domains.?

We provide intervals
that are valid for a benchmark setting where all domains are equally likely to realize for training
and testing (corresponding to an assumption that domains are exchangeable), as well as when the
testing domain is qualitatively different from the training domains. (Appendix C.4.1 generalizes
our approach and results even further.) The definition of transferability is left to the user, and our
results apply for a large class of measures, including predictive accuracy or how well a qualitative

or quantitative finding based on parameter estimates generalizes across domains. In general, our

method can be applied to assess and compare the transferability through parameter estimates or

2 We use the term “forecast interval,” rather than “confidence interval,” to emphasize that the target is a random
realized transfer error rather than a fixed population quantity.
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counterfactual predictions across economic models that share a common structural parameter or
generate the same class of counterfactuals.

Finally, we use our framework to compare the generalizability of economic models and black
box machine learning methods when predicting certainty equivalents for lotteries. We focus on
predictive accuracy in this application because machine learning methods do not provide struc-
tural parameter estimates that are comparable to those in the economic models. While economic
models of risk preference have been studied extensively from the perspectives of how well they fit
economic data (Harless and Camerer, 1994; Hey and Orme, 1994; Bruhin et al., 2010; Bernheim
and Sprenger, 2020) and how their predictive performance compares to that of machine learning
algorithms (Peysakhovich and Naecker, 2017; Plonsky et al., 2019; Fudenberg et al., 2022a), the
existing tests have primarily been within the context of a single domain.? We offer a new perspec-
tive on how well these models transfer across domains, finding that although machine learning
algorithms outperform the economic models when trained and tested on (disjoint) data generated
under the same conditions, the economic models generalize better. Our analysis suggests the pri-
mary reason for this is not that the machine learning algorithms overfit, but rather that economic
models of risk preference are more effective at extrapolating from observed cases to new ones.

We now describe the main parts of the paper in more detail. Section 4.2 describes our concep-
tual framework, which extends the familiar notion of out-of-sample evaluation to out-of-domain
evaluation. In the standard out-of-sample test, a model’s free parameters are estimated on a train-
ing sample, and the predictions of the estimated model are evaluated on a test sample, where the
observations in the training and test samples are disjoint but drawn from the same distribution. We
depart from this framework by supposing that the distribution of the data varies across a set of

“domains,” e.g. different subject pools or choice frames.

3 An important exception is Einav et al. (2012), which examines how general risk preferences are across different
domains of choice under uncertainty.
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We adopt the perspective of an external analyst who wants to assess the efficacy of a procedure
that a researcher uses to make predictions in a new domain. For example, the researcher’s proce-
dure might be to estimate an economic model on data from one domain and use the estimated model
to make predictions in another. Alternatively, the researcher’s procedure might involve training and
porting a black box algorithm, or pooling data across many domains and estimating a model on
this aggregated dataset. The procedure’s exact performance depends on the domains that are used
for estimation—the fraining domains—and the domain that is realized for prediction—the target
domain. The analyst’s goal is to develop a forecast interval for the random performance of this
procedure across the many possible realizations of those domains. Unlike ex-post assessment on
a single new dataset, this forecast interval summarizes the range of plausible transfer performance
and hence provides a more comprehensive description of generalizations.

Section 4.3 constructs forecast intervals for the baseline setting where the distributions govern-
ing different domains are exchangeable. This means that while there may be ex-post differences
between the domains on which the model is estimated and on which it is applied, these differences
are not ex-ante known to the analyst. We propose the following meta-analysis protocol: The ana-
lyst first collects data across as many domains as possible, henceforth the analyst’s meta-data set.
The analyst then repeatedly splits these into training and test domains, and runs the researcher’s
procedure for each of these domain realizations. For example, if the researcher’s procedure in-
volves transferring an economic model, then the analyst would estimate the researcher’s model on
the training domains and use it to make predictions in the test domain. Intuitively, the transfer
performance between domains in the analyst’s meta-data set can serve as a proxy for the transfer
performance to the new (unobserved) target domain. Pooling these transfer performances across
different choices of training and test domains yields an empirical distribution of transfer errors.

We show that the quantiles of this distribution can be used to compute valid finite-sample forecast
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intervals for the transfer error on the target domain.

Section 4.4 extends our methods for the scenario where the training domains are known to
be systematically different from the target domain. Specifically, we suppose that the training do-
mains are exchangeable, but allow the target domain to be governed by a qualitatively different
distribution. We fully generalize our procedure and results when the analyst either knows or can
bound a likelihood ratio relating the target and training distributions. We further develop two novel
partial orders for comparing how well models generalize in environments where the analyst lacks
any knowledge at all about the likelihood ratio. Though this ordering is inherently incomplete,
we demonstrate that it can be used to compare economic models and black box algorithms in our
subsequent application. Each of these procedures (and all other methods described in this paper)
are implemented in an R package (t ransferUQ), available on Github.*

Our statistical framework and results extend the recent literature on conformal inference (e.g.
Vovk et al., 2005; Tibshirani et al., 2019; Lei and Candes, 2021) and randomization inference
(e.g. Ritzwoller et al., 2024) by replacing the assumption of exchangeable observations with the
more general assumption of exchangeable domains.’ Importantly, our framework does not rely on
parametric restrictions, smoothness across domains, common support conditions, or assumptions
that domains are close in any metric. The identifying content comes entirely from symmetry at the
domain level, or from explicit bounds on deviations from this symmetry. Conceptually, we show
that out-of-domain performance can be evaluated using finite-sample methods that require neither
structural assumptions nor asymptotics if one treats domains, rather than individual observations,
as the exchangeable objects.

Importantly, while conformal inference aims to predict a single data point from other data

“https://github.com/lihualei7 1/transferUQ
>Thus conformal inference corresponds to the special case of our model where there is a point mass on a single
domain.


https://github.com/lihualei71/transferUQ
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points, our goal is to generate forecast intervals on a function of multiple data points, involving both
observed and unobserved data. Our problem thus involves a novel multi-dimensional structure that
requires new arguments both in the baseline exchangeable case and the extension to distribution
shift.

Finally, Section 4.5 applies our procedures to compare the transferability of economic models
and black box algorithms for predicting certainty equivalents for binary lotteries. In this applica-
tion, we evaluate how well a model (or algorithm) predicts certainty equivalents reported by one
subject pool when estimated on data from another. We evaluate two models of risk preferences
(expected utility and cumulative prospect theory) and two popular black box machine learning al-
gorithms (random forest and kernel regression). We find that although the black box algorithms
outperform the economic models out-of-sample when trained and tested on data from the same
domain, the economic models generalize more reliably across domains. Specifically, while the
forecast intervals for the black box algorithms and economic models overlap, the forecast intervals
for the black box methods are wider, and their upper bounds are substantially higher.

One possible explanation for this finding, based on intuition from conventional out-of-sample
testing, 1s that black boxes are very flexible and hence learn idiosyncratic details that do not gen-
eralize across subject pools. But when we restrict the analysis to a subset of samples involving the
same set of lotteries, the economic models and black box algorithms have nearly indistinguishable
forecast intervals. Thus black box algorithms are not universally worse at transfer; instead, their
relative performance depends on specific characteristics of the transfer problem. In particular, we
find that black boxes seem to transfer worse when the primary source of variation across samples is
a shift in the marginal distribution over features (i.e., which lotteries appear in the sample), rather
than a shift in the distribution of outcomes conditional on features (i.e., the distribution of certainty

equivalents given fixed lotteries).
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4.1.1 Related Literature.
4.1.1 Evaluating economic models

Hofman et al. (2021) calls for more work in the social sciences addressing the question “how
well does a predictive model fit to one data distribution generalize to another?” Our results speak
directly to this challenge by providing a framework for estimating transfer errors across domains.

Predictive accuracy is far from the only criterion that matters when evaluating models, but has
historically played an important role in the development of economic theories.® Recent papers
consider not just the model’s fit on a given dataset, but also how well predictions transfer across
domains. For example, Kiilpmann and Kuzmics (2022) estimates various game-theoretic mod-
els on 2 x 2 normal-form games and evaluates their predictive performance on 3 X 3 normal-form
games; Natenzon (2019) estimates discrete choice models on data for four choice menus and evalu-
ates their predictive performance on a fifth menu; and Fudenberg and Karreskog Rehbinder (2024)
evaluates how well learning models for repeated games transfer across classes of stage game pay-
offs. This paper provides a general framework that nests these transfer problems, and develops

formal statistical results for assessing transfer performance.

4.1.1 Comparing economic models and black box algorithms

Several papers have compared the predictive performance of machine learning algorithms with
that of more structured economic models in out-of-sample tests (Peysakhovich and Naecker, 2017;
Plonsky et al., 2019; Camerer et al., 2019; Fudenberg and Liang, 2019; Hirasawa et al., 2022; Hsieh

etal., 2023; Ellis et al., 2024a,b), typically finding that machine learning algorithms achieve higher

®As discussed by Harless and Camerer (1994), the poor predictive performance of expected utility theory was a
primary motivation for the development of alternative models in behavioral economics. Both Harless and Camerer
(1994) and Hey and Orme (1994) provide early assessments of alternative theories based on predictive performance.
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predictive accuracy. In contrast, our empirical results suggest that machine learning algorithms can
be less effective than economic models when trained and tested on data from different domains.
These findings echo Gechter et al. (2019), which shows that structural models deliver better policy
recommendations for conditional cash transfer policies in new contexts than black box methods
do.

Collectively these papers lend empirical support to the folk intuition that one of the key values
of economic theory is its generalizability across economic domains, and they show the need for a
way to compare economic models and machine learning algorithms on out-of-domain tests. Our

statistical framework and theoretical results in Sections 4.2-4.4 provide the tools to do this.

4.1.1 Generalizability

Several literatures in economics, computer science, and statistics consider generalizability from
different perspectives. Our paper is most closely related to the literature on external validity
(Banerjee et al., 2017; Chassang and Kapon, 2022), which seeks to measure the extent to which
results obtained in one domain hold more generally. Unlike much of this literature, we consider
generalizability across random domains without assuming that the distributions governing behav-
ior in different domains are close in some distance metric (Adjaho and Christensen, 2022), share a
common support over X or ) (Sahoo et al., 2022; Lei et al., 2023), or can be estimated using back-
ground covariates (Tipton and Olsen, 2018). Relative to these assumptions, our approach has the
advantage of allowing for arbitrary and unknown relationships between the realized distributions
governing domains, but rules out ex-ante predictable patterns in how the joint distribution varies
across samples (such as time trends).

The literature on meta-analysis focuses on the related but different goal of synthesizing results

across different domains (Card and Krueger, 1995; DellaVigna and Pope, 2019; Embrey et al.,
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2018; Imai et al., 2020; Vivalt, 2020). The most closely related work in this area is Meager (2019)
and Meager (2022), which provide posterior predictive intervals for new domains under parametric
assumptions about the distribution of effects across domains.

A third distinct goal is to build models that generalize well to new domains. This is the objective
of the literature on domain generalization (Zhou et al., 2021), as well as papers such as Hotz
et al. 2005 and Dehejia et al. 2021, which leverage knowledge about the distribution of covariates
to extrapolate out-of-domain. Our focus is not on developing new models or algorithms with
good out-of-domain guarantees, but rather on developing forecast intervals for the out-of-domain

performance of existing models and algorithms.

4.1.1 Conformal inference and exchangeability

Our statistical framework builds on the literature on conformal inference by extending it to cross-
domain predictions. Classic conformal methods assume that observations are exchangeable, and
construct prediction intervals for a scalar outcome Y;. We instead seek a prediction interval for
the bivariate function v(S;, S;), namely the transfer error from sample S; to sample S;. Standard
conformal inference arguments do not apply in our setting because {v(S;, .S;)}: ; is not exchange-
able. When there are more than two domains, even when the samples {S;} are i.i.d., v(S,S2) is
generally dependent on {v(S4,S;) : j > 3}.

Section 4.4 and Appendix C.4.1 relax our exchangeability assumption to allow bounded devi-
ations from exchangeability. Our results there connect to the literature on sensitivity analysis (e.g.
Rosenbaum, 2005; Aronow and Lee, 2013; Andrews and Oster, 2019; Sahoo et al., 2022), though

our theoretical analysis is more involved because of result of the multivariate structure.
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4.2 Framework

In economics, it is common to transfer quantitative conclusions from a single domain to another,
e.g., for parameter calibration in structural models (Greenwood et al., 1997; McKay et al., 2016;
Oswald, 2019) and extrapolation of treatment effect estimates beyond the experimental population
(Mogstad and Torgovitsky, 2018; Tipton and Olsen, 2018; Cattaneo et al., 2021; Maeba, 2022). In
this case, the relevant question is whether extrapolating from one sample leads to good predictions
in the new domain. If instead data is gathered from multiple domains and the observations are
aggregated and used to estimate a model (as in the meta-analyses of Meager 2019, 2022), the
relevant question may be how well the estimated model on the aggregated data generalizes to a

new domain.

4.2.1 The Analyst’s Problem

We adopt the perspective of an external analyst who wants to assess the efficacy of a researcher’s
procedure for making predictions in new domains. The analyst has access to a collection of n do-
mains, while the researcher uses only r < n of these domains for training. The distinction between
analyst and researcher is central to our approach: it allows the analyst to construct valid inference
about the researcher’s transfer performance without requiring assumptions beyond exchangeabil-
ity. In other words, the analyst can evaluate whether the researcher’s procedure generalizes well
across domains in general, rather than assessing performance on one specific realization of the
data.

For example, an economist at a development agency may have data from many Indian villages
(the analyst’s metadata), but wants to assess whether a structural diffusion model estimated on

data from a single village (the researcher’s training domain) will transfer well when applied to a
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new village selected from the same region. Or an economist at an insurance company may have
data on willingness-to-pay for various insurance products from multiple subject pools, but wants
to evaluate whether a model trained on one subject pool will predict well for another.

Write 7 for the ordered set of r training domains, or equivalently a vector of length r with
distinct elements from {1,...,n} 7 and Sy for the data from these domains. The researcher fits
a model and aims to apply it to a different domain S’, reporting an output such as a parameter
estimate or a prediction error. The analyst’s goal is to construct a forecast interval for the realized
transfer error when the researcher’s training domains and target domain are drawn at random from

the population of domains.

4.2.2 Transfer Error: Definition and Scope

Let X be a set of covariate vectors and ) a set of outcomes. An observation is a pair (z,y) € X' X)),
and a domain is a set of observations S = {(x;, y;) },. We now describe the class of transfer errors

we consider.

Example 1 (Different Subject Pools). Each sample S; corresponds to data from a given subject
pool, where subject pools may differ in demographic characteristics. For example, S; may contain
data from Caltech undergraduates, while S5 contains data from a representative Prolific subject

pool.

Example 2 (Different Choice Frames). Each sample S; corresponds to data collected under a par-
ticular framing of choice questions. For example, S; might contain reported certainty equivalents

for compound lotteries, and S, the reported certainty equivalents for equivalent simple lotteries.

Example 3 (Different Choice Menus). There is a finite set of goods a4, as, . . ., a,,, and each sample

Sy includes observed choices from a different subset of available goods. For example, S; might

"We do not assume the training procedure is invariant to the ordering of the training domains.
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contain all choices from binary menus and S, all choices from menus that include a;.

4.2.2 Prediction-based Transfer Errors

Our leading examples measure how well a model’s predictions transfer across domains. Suppose
the training data S is used to select a prediction rule fs, : X — Y. The accuracy of this rule is

evaluated using a loss function ¢ : ) x ) — R, where

1

e(fas):%

S Uf(@),y)

(z,y)eS

denotes the average loss when predicting outcomes in sample S.

Raw Transfer Error: The simplest transfer error is

era- = e(fsr, Sav) 4.1)

i.e., the average loss when the model estimated on training domains is used to predict outcomes in

the target domain.

Example 4 (Transferring Models of Risk Preferences). Covariates X describe lotteries (prizes and
probabilities), and outcomes ) are reported certainty equivalents. A researcher estimates a risk
preference model (e.g., Expected Utility) on data from one subject pool and uses the estimated
parameters to predict certainty equivalents for another subject pool. The transfer error measures

prediction accuracy across subject pools.

Normalized Transfer Errors: It is often useful to normalize the raw transfer error. For in-
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stance, we might normalize by the in-sample error on the target domain,

norm __ e(fST’Sd*)

n_ EUsy Sar) 42
eT,d e(de* ’ Sd*) ( )

which measures how much less accurate the transferred model is compared to a model retrained
on the target domain. This is useful for distinguishing whether transfer problems reflect overfitting

or lack of generalization.

Example 5 (The Value of Re-Estimating Structural Models). An economist estimates a diffusion
model on data from one village and predicts takeup in another village. The normalized transfer
error indicates how much worse the prediction is than if the economist could re-estimate the model
on the new village. A value near 1 suggests good transfer; a value much greater than 1 suggests

the model misses important village-specific factors.

More generally, transfer errors can measure parameter stability across domains (e.g., e(7, d*) =

167 —0,-

) or whether qualitative findings replicate across domains. Appendix C.2 discusses these

extensions in detail.

Remark 1. When r = 1 and the model has only a single parameter 6 of interest, a common practice
is to estimate éj on the domain S; and report the range of {él, ceey én} to quantify transferability.
One can interpret the range as an interval estimate for én+1. However, this approach does not

generalize to multivariate parameter estimates or more complex transfer errors.

4.2.3 Ex-Ante Assessment of Transfer Performance

To evaluate the researcher’s procedure, the analyst takes an ex-ante perspective: before observing
which specific training and target domains materialize, what is the distribution of transfer errors?

Formally, the analyst has access to metadata M = {51, ..., .S, } consisting of n domains. We
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treat the researcher’s set of r training domains as a random subset T drawn uniformly from all
possible r-subsets of {1, ..., n}. The unobserved target domain is S,,+1. The quantity of interest is
the random transfer error e ,,+1, which depends on both the randomness in which training domains
are selected and the randomness in the data generating process.
The analyst’s goal is to construct a forecast interval [L(M), U(M)] that covers er 41 With
high probability:
P (e € [L(M),UM)]) > 1 - a, 43)

where « is a user-selected miscoverage level (e.g., « = 0.1 for 90% coverage). This differs from
a confidence interval, which covers a fixed population quantity; here, we are forecasting a random

realized value.

target sample

(unobserved)
S So ce Sn Sn+1
) - - 4
-~
metadata
(observed)

|

index set T is drawn uniformly over all subsets of
{1,...,n} of size r <n

predict

St = (Sq)deT are the training samples

|

estimate the model on St

Figure 4.1: The transfer error et 11 is the prediction error of a model estimated on training domains St (randomly
selected from metadata M) and evaluated on an unobserved target domain S, 1. Both the selection of training
domains and the target domain are random.



109

4.2.4 Why Ex-Ante Assessment?

One might ask: why evaluate the researcher’s procedure across all possible domain selections,
rather than conditioning on a specific training domain? The most common way to assess model
transferability is to evaluate an ex-post error after the data S’ from the target domain is fully ob-
served. While such an ex post error can be computed exactly, it does not generalize to other target
domains that could have been realized, due to either the researcher’s idiosyncratic choice target
domain or randomness in the data collection process. In particular, near-zero ex-post errors may
arise by chance and do not imply perfect transfer to other slightly different domains.

Our approach is instead to conduct an ex-ante assessment of model transferability before the
target domain .S’ is realized. Ex-ante assessment supports replicability, as the analysis applies to
any researcher who follows the same procedure (e.g., “estimate a CRRA model on one randomly
selected domain and apply it to a new domain”). It also avoids cherry-picking from assessing
transfer performance on a researcher-chosen domain pair, which may be unrepresentative.®

Ex-ante evaluation requires assumptions which relate the training domains and the unseen tar-
get domain, because otherwise the observed data can give no guidance as to the possible error on
the target. A common assumption in both the theory and econometrics literature is that (S, S') are
ex ante exchangeable, which formalizes the idea that the target domain is not “special” relative to
the training domains, and holds by construction if the target domain is selected at random (Menzel,

2023). This is our baseline approach (Section 4.3), and we relax it in Section 4.4.

8In some applications, the researcher observes covariates from the target domain even though outcomes are un-
observed. For example, in predicting treatment effects in a new location, researchers may know which households
participate (covariates) but not their treatment responses (outcomes). The same theory applies if we define transfer er-
ror based on predictions which account for this covariate information. This is sometimes called an interim assessment.
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4.3 Baseline Setting: Exchangeability

We begin with a baseline setting in which the different domains are governed by exchangeable
distributions. Specifically, we suppose that in the analyst’s statistical model, the samples 51, Sa, . . .

are generated in the following way:

Assumption 1. There is a fixed (but unknown) meta-distribution p € A(P x N) over joint distri-
butions P = A(X x )) and sample sizes N, where each sample S, is generated by first drawing

a distribution and sample size (Py,mq) ~ u, and then independently drawing mg observations

(z,y) from P,.°

In Examples 1-3, this assumption implies that (from the analyst’s perspective) the subject pools,
choice frames, or choice menus differentiating the samples are themselves drawn i.i.d. from a fixed
distribution.!® Section 4.3.1 presents our forecast intervals for this setting, and Section 4.3.2 proves

the validity and tightness of these intervals.

4.3.1 Baseline procedure

Thanks to Assumption 1, the observed samples in the metadata, {S1, . .., S, }, can act as surrogates
for the unseen target sample, S, ;1. As before, let el}/fd denote the (observed) transfer error from any
selection of training samples 7, as an ordered set from {1, ..., n}, to any surrogate target sample
de {1,...,n}\T from the metadata (Where we now make the dependence of this quantity on M

explicit). We use T, ,, to denote the set of n! il unique pairs (7, d) that can be constructed in

(n—r—

9 All of our results extend unchanged if samples from the different domains are ex-ante exchangeable rather than
ii.d.

10 Assumption 1 can be understood as a hierarchical model (Meager, 2019, 2022) or a version of cluster sampling
(Liang and Zeger, 1986; Bugni et al., 2023). If framed in this way, the analyst’s goal is to do predictive inference for
new clusters. When p assigns probability 1 to a single distribution in p € P or when p assigns probability 1 tom = 1,
this reduces to i.i.d. sampling of observations from a fixed joint distribution, but our focus is on settings where neither
of these is the case.



111

this way when 7 is of length r. Then

N U L "

€T .d
(T,d)ETTJan

is the empirical distribution of transfer errors in the pooled sample {e}'; : (T, d) € T, 1,,} as we
vary which samples in the metadata are used for training and testing. (Throughout ¢ denotes the
Dirac measure). In the case where r = 1, so that a single sample is used for training, the observed

transfer errors can be represented as a matrix as depicted in Figure 4.2, and Fy is their empirical

distribution.
test
) 1 2 n—1 n
train

1 — €19 €1,n—1 €in
2 6211 —

n—1 . - €n—1,n
n €n,1 I ., | —

Figure 4.2: eq g is the transfer error from sample Sy to Sqr.

Definition 3 (Upper and Lower Quantiles). For any distribution P let Q_(P) = inf{b : P((—o0, b]) >
7}and @ _(P) = sup{b: P([b,00)) > 1 — 7} denote the upper and lower 7th quantiles, respec-
tively.

These quantiles coincide for continuously distributed variables with connected support.

Definition 4 (Quantiles of Fyr). For any 7 € (0,1), leteM = Q. (Fy) and eM' = @, _(Fm) be

the 7th upper quantile and (1 — 7)th lower quantile of the empirical distribution of transfer errors
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in the pooled sample.

Our forecast interval for the transfer error on the target sample is [eM, eM].
4.3.2 Results
We first prove that [eM, eM] is indeed a valid forecast interval.
Proposition 6. For any 7 € (0, 1),
n—r
P(er iy <eM) > , 45
(eT,H_eT)_T(nH) 45)
and
P(epnn € [eMeM]) > (2r—1) (2. (4.6)
) —T T — n + 1

Thus (—o0,eM] is alevel-(T(:—J:)) one-sided forecast interval for e .41, and [¢M, eM] is a level-

((27’ —1) (:‘;;)) forecast interval for et ,41. Note that the coverage guarantee for the two-sided

interval (4.6) is tighter than what would result from applying that for the one-sided interval (4.5)

r41

to both sides, which yields a worse bound 1 — 27 (n )

). While the guarantee for the standard
conformal inference (e.g. Vovk et al., 2005) can be viewed as a special case of Proposition 6 with
r = 0, our arguments are necessarily more complex because of the multi-dimensional structure
illustrated in Figure 4.2. Parameter 7 influences the width of the forecast interval, where larger
choices of 7 lead to wider forecast intervals with higher confidence guarantees. Parameter r deter-
mines how many samples in the meta-data are used for training versus testing, and is determined

by the research procedure under evaluation.!! The conservativeness of these forecast intervals is

"'We expect that in general, larger choices of r will lead to lower but wider forecast intervals, since the model
is estimated on a larger quantity of data, but there are fewer samples with which to evaluate the performance of the
estimated model.
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intrinsic to the problem: even with infinitely many observations per domain, realized transfer error
can vary across domains, so ex-ante uncertainty cannot in general be eliminated.

The number of samples n and the sizes of these samples (m,)’;_; enter into our result in dif-
ferent ways: Increasing the number of observed domains 7, holding fixed the distribution over
sample sizes within each domain, does not change the distribution of et .1 but instead allows
this distribution to be estimated more precisely. In contrast, increasing the number of observations
per domain changes the distribution of e, and corresponds to the measurement of a different
quantity. For example, in the limit of infinitely many observations per sample, the error et ;41
measures how well the best predictor from the model class in the training domains transfers across
domains, while if the number of observations is small, et ;1 measures how well an imperfectly
estimated model transfers.

The next result shows that the guarantees in Proposition 6 are tight to O(1/n). We use T to

denote the set of all vectors of length s that consist of distinct elements from {1, ..., ¢}.

Proposition 7. Assume that (e)'; : (T, d) € T,11,n41) almost surely has no ties. Then

- 1 (n—r)
P <€T,n+1 < éy) <r (n r) r+ (n—r)

n+1 n+1+(n+1)!'

and

P (eppi € [eM,eM]) < (27 — 1) (n —r) el (n—r)!

+ .
n+1 n+1 (n+1)!
To gain intuition for the intervals in Proposition 6, we fix a realization of the unordered set
{S1,...,Sn, Sn+1}. Because all samples are exchangeable by assumption, the realization of e ;41

(conditional on {S,}7*]) is a uniform draw from

{e¥y: (T d) € Trp1 i1} 4.7)
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If we let e denote the upper 7-th quantile of this empirical distribution, then by definition
P (erns1 < el | {Sa}iti) > (4.8)

In the case » = 1 where precisely one sample is used for training, the set of pooled errors (4.7)
is the shaded cells in Figure 4.3 (either yellow or blue), and the inequality in (4.8) says that the

probability that the value of a randomly drawn cell falls below the 7th upper quantile of cells is at

least 7.
test
1 2 n—1 n n-+1
train
1
2
n—1
n
n+1 ... ... .. €ntlm

Figure 4.3: Transfer errors when training on one domain (row) and testing on another (column).

The analyst does not observe the target sample S,, 1, and so does not know e*. We instead use
€M, the Tth upper quantile of the pooled sample of errors when transferring across samples in M,
to construct the forecast intervals. In Figure 4.3, the probability that e, 1 < €M is the probability
that the value of a randomly drawn shaded cell (yellow or blue) falls below the 7th quantile of the

yellow cells. By a straightforward counting argument,

+1 n—r
(eT,+1_€r |{ 1_1)_7' r4+1 / r+1 T n+1
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Applying the law of iterated expectations (with respect to the sample {.S;}7*') yields the one-sided
forecast interval in (4.5). The proof for the two-sided forecast interval follows a similar logic but

is more involved, see Appendix C.1.3 for details.

4.4 Beyond Exchangeability

Our results so far assume that the distributions governing the different samples S; are themselves
independent and identically distributed. This assumption is not always appropriate. For example,
suppose variation in domains corresponds to variation over locations, and the samples in the meta-
data (but not the target sample) are from experiments run at locations chosen by experimenters.
If there is selection bias over where experiments are run—for example, if the observed sites are
chosen based on characteristics correlated with effect sizes (as Allcott (2015) found in the Opower
energy conservation experiments)—then it may be that the target sample has fundamentally dif-
ferent properties from anything that is observed in the metadata. We thus now relax Assumption
1 to allow the distribution governing the training samples and the distribution governing the tar-
get sample to be drawn from different meta-distributions. Specifically, suppose that the analyst’s
metadata consists of samples 51, ...,S, ~jq p as in our main model, but S, is independently

drawn from some other density v. Let

denote their likelihood ratio. We initially assume this likelihood ratio is known by the analyst
(although v and p need not be), and subsequently consider weakenings of this assumption. As
before, et 41 is the transfer error when training on r samples drawn uniformly at random from

{S1,...,5,}, and testing on S,, 1.



116

The following subsections consider successively weaker assumptions about what the analyst
knows about the likelihood ratio w. Sections 4.4.1 and 4.4.2 respectively generalize our previous
results when the analyst either knows w or can bound it. Section 4.4.3 provides two ways of
comparing the generalizability of models in environments where the analyst knows nothing about

w. (See Appendix C.4.1 for further generalizations.)

4.4.1 The analyst knows the likelihood ratio w

We again construct a forecast interval for et ,,1; using the pooled sample of transfer errors across
samples in the metadata, that is, {el}/fd (T,d) € ']I‘r+17n}. Different from the previous section, we
no longer assign uniform weights to each ejhffd. Intuitively, under our previous i.i.d. assumption,
each sample in the metadata was equally representative of the training and target distributions,
but in this relaxed model, whether a sample S; is more representative of the training or testing
distribution depends on its relative likelihood under v and p.

A crucial quantity is the following:
Definition 5. For every domain d € {1,...,n}, define

(n—r—1)!  w(Sy)

S T § S SN Ch

4.9)

To interpret this quantity, consider an alternative data-generating process for the metadata

where for some permutation 7 : {1,...,n} — {1,...,n}, the samples Srq), ..., Srm-1) ~iid It
while Sy, ~ v. Fix a realization of the metadata (5, ..., S,), and suppose the analyst does not
observe the permutation 7. Let II denote the set of all permutations on {1,...,n}, and for any
vector of sample indices (t1,. .., t,,d) let

Huy,otpgy ={m €l : (n(1),...,7(r)) = (t1,...,t,) and 7(n) = d}
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denote the permutations that specify (¢, ..., t,) for training and d as the target. Then conditional
on a realization of the metadata (51, ..., S,), the probability that (S;,)!_, are the training samples

and Sy is the test sample is'?

n—1
ety o (VSe) IO A(S56))  Sen, . (Sam)

ZWEH <V(S7T(n)) . H;l;ll M(Sﬂ'(]))> - Zﬂeﬂw(sﬂ(”))
_ (n—r—1) w(Sy)
(n =130 w(S;)

= Wjy.

This quantity depends only on the identity of the target sample d, and not on the identity of the

training samples ¢1, . . ., t,. Finally, let

w .
FM - E Wd 5671\4@
(T7d)€’]rr+1m

be the weighted empirical distribution of transfer errors, where each sample d is weighted accord-
ing to W;. When the two meta-distributions 1 and v are identical as in our main model, then

Wy = (n—r —1)!/n! for every domain d, so the distribution £} is simply Fy as defined in (4.4).

Definition 6 (Quantiles of F;). For any likelihood ratio w(-) and quantile 7 € (0, 1), define eM~ =
Q, (Fgp) and M = Q . (F¥1) to be, respectively, the 7th upper quantile and (1 — 7)th lower

quantile of the weighted distribution of transfer errors in the pooled sample.

Theorem 1. Forany 7 € (0,1),

P <€T,n+1 < éﬂ“"") >T-

Y

n-ro > i1 w(S;)
n+1

n Zj:l w(S;)

12This is a special case of weighted exchangeability; see Tibshirani et al. (2019). The results in this subsection

continues to hold if the domains are not independent but satisfy the weighted exchangeability condition, which is
more general but harder to interpret.
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and

P (GT,n+1 c [QM,W éM,w]) > (27‘ _ 1) . n— TE

T T
n

Z?:l w(S;) ]
St ws) ]

Furthermore, if (eT g (T,d) e T,qy n+1) almost surely has no ties, then

P (GT,n+1 < é?“’“’) <1-E

Y

_Tn—r_(n—r)!maxk<n w(Sk) Z] Lw(S;)
(“ T Sets >>z:+fw<>

and

]P)(GTH_HG[MW, ])<1 -E

’T

n—r (n—r)maxg,w(Sk) \ 21 w(S;)
(2(1 —7) n ol Z?le(sj) ) Z?Llw(sj)

This result strictly generalizes Proposition 6 and Proposition 7, since when w(-) is the identity then

eMe = gM and eM“ = M, and the bounds in this theorem reduce to those given in Proposition 6.

4.4.2 The analyst does not know w but can bound it

We next extend our results when the analyst does not know the likelihood ratio function w precisely,
but, as in the literature on sensitivity analysis (Rosenbaum, 2005), knows that it admits specific

upper and lower bounds.

Definition 7 (Bounded Likelihood-Ratios). For any I' > 1, let W(I") be the class of density ratios

that satisfy w(S) € [, T] for all samples S.

Define the following worst case bounds for eM« and eM

M) = sup e, M) = inf M (4.10)
weWw(T) weW(I)

As shown in Appendix C.4, these quantities can be computed from data in O(n" ") time.
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Corollary 1. Suppose w € W(T'). Then

P " <aM(M)) > n-r
(GT, 1 <e >)_T(n+F2)7

and

P (emns € 0,0 = (27 1) (20 ).

4.4.3 The analyst knows nothing about w

Finally, we provide two ways for comparing the transferability of two models © = 1,2 when the
analyst cannot bound w. We do not provide formal results about these orders, but show that they
have bite in our subsequent application (see Section 4.5).

Let E%(F) and g%(l“) again denote the worst case bounds for model ¢, as defined in (4.10).

Definition 8 (Worst-Case Dominance). Say that model 1 worst-case-dominates model 2 at the 7-th

quantile if

That is, model 1 worst-case-dominates model 2 at the 7-th quantile if for every I', the worst-case
upper bound for model 1 is less than the worst-case for upper bound for model 2.

We can strengthen this comparison by requiring the upper bound of the forecast interval for
model 1 to be smaller than the upper bound of the forecast interval for model 2 pointwise for each

w € W(I'), rather than simply comparing worst-case upper bounds.

Definition 9 (Everywhere Dominance). Say that model 1 everywhere dominates model 2 at the

7-th quantile if

e <en? VI > 1vw e W(D).
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Many decision rules will not be comparable under either of these definitions, but we show
they are empirically relevant in our application. The even stronger requirement that Ell\fiw < ggﬁw
uniformly in w, i.e., that the upper bound of model 1’s forecast interval is always smaller than the

lower bound of model 2’s forecast interval, is likely too stringent to be useful in practice.'?

4.5 Application

To illustrate our methods, we evaluate the transferability of predictions of certainty equivalents
for binary lotteries across domains that have different subject pools and also differ in other ways.
We focus on this application for several reasons: First, there are many public data sources that
we can use to construct our metadata. Second, the associated economic models have been exten-
sively examined from the perspective of predictive performance (Harless and Camerer, 1994; Hey
and Orme, 1994; Bruhin et al., 2010; Bernheim and Sprenger, 2020), and recent work evaluates
how well these models predict relative to black box algorithms (Peysakhovich and Naecker, 2017;
Plonsky et al., 2019; Fudenberg et al., 2022a). Finally, as Einav et al. (2012) points out, given
how models of risk preferences are often used in practice, it is also important to evaluate how well
they transfer across domains. We thus view this application as a natural setting to illustrate our
methods.

Section 4.5.1 describes our metadata, and Section 4.5.2 describes the decision rules we con-
sider. Section 4.5.3 conducts “within-domain” out-of-sample tests, where the training and test data
are drawn from the same domain. Section 4.5.4 compares transfer performance across domains by

constructing forecast intervals for three different definitions of transfer error.

3This stronger order has bite only when the transfer error for model 1 across “the most dissimilar” training and
testing domains is lower than the transfer error for model 2 for “the most similar” training and testing domains.
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4.5.1 Data

Our metadata consists of samples of certainty equivalents from 44 subject pools, which we treat
as the domains. These data are drawn from 14 papers in experimental economics, with twelve
papers contributing one sample each, one paper contributing two, and a final paper (a study of
risk preferences across countries) contributing 30 samples. Our samples range in size from 72
observations to 8906 observations, with an average of 2752.7 observations per sample.'* Besides
the difference in subject pools, these samples may differ in other details, such as whether the
lotteries were restricted to the gain domain. We convert all prizes to dollars using purchasing
power parity exchange rates (from OECD 2023) in the year of the paper’s publication.

Within each sample, observations take the form (z1, 2o, p; y), where z; and 2, denote the pos-

), p is the probability

sible prizes of the lottery (and we adopt the convention that |z;| > |zo
of z1, and y is the reported certainty equivalent by a given subject. Thus our feature space is
X = R x R x [0, 1], the outcome space is ) = R, and a prediction rule is any mapping from
binary lotteries into predictions of the reported certainty equivalent. We use squared-error loss
((y,y") = (y — v')? to evaluate the error of the prediction, but for ease of interpretation we re-
port results in terms of root-mean-squared error, which puts the errors in the same units as the
prizes.!> Since different subjects report different certainty equivalents for the same lottery, the best

achievable error is generally bounded away from zero.

14Online Appendix C.5.1 describes our data sources in more detail.
SThis transformation is possible because none of the results in this paper change if we redefine e(o,S) =

g (# 2 (eyyes o), y)) for any function g. Root-mean-squared error corresponds to setting g(x) = v/z.
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4.5.2 Models and black boxes

We consider two parametric economic models of certainty equivalents and two off-the-shelf black

box algorithms.

Economic models. First we consider an expected utility agent with a CRRA utility function

parameterized by n > 0 (henceforth EU). For n # 1, define

1

G e <0

ffgl ifz>0
Un(z> =

and for n = 1, set v, (z) = In(z) for positive prizes and v, (z) = — In(—z) for negative prizes. For

each 1 > 0, define the prediction rule o, to be

oy(21, 22, p) = %71(1? cup(z1) + (1= p) - vy(22)).

That is, the prediction rule o,, maps each lottery into the predicted certainty equivalent for an EU
agent with utility function v,,.

Next we consider the set of prediction rules X pr derived from the parametric form of Cumu-
lative Prospect Theory (CPT) first proposed by Goldstein and Einhorn (1987) and Lattimore et al.
(1992). Fixing values for the model’s parameters («, 3, d,y), each lottery (z1, 22, p) is assigned a
utility

wp)v(z) + (1 = w(p))v(z)

where
2% ifz>0
v(z) = (4.11)
—(=2)# ifz2<0
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is a value function for money, and

_ op?
~opr+ (1—p)

w(p) (4.12)

is a probability weighting function.

For each «, 3,7, 0, the prediction rule o, g -,5) is defined as

O(aprs) (215 22, p) = v~ (w(p)v(z1) + (1 — w(p))v(zs)).

That is, the prediction rule maps each lottery into the predicted certainty equivalent under CPT
with parameters («, 3,7, d). Following the literature, we impose the restriction that the parameters
belong to the set © = {(«, 8,7,9) : o, 8,y € [0,1],6 > 0}.

We also evaluate restricted specifications of CPT that have appeared elsewhere in the literature:
CPT with free parameters v and 3 (setting d = v = 1) describes an expected utility decision-maker
whose utility function is as given in (4.11); CPT with free parameters «, (5 and 7 (setting 0 = 1)
is the specification used in Karmarkar (1978); and CPT with free parameters ¢ and v (setting
a = 3 = 1) describes a risk-neutral CPT agent whose utility function over money is u(z) = z but
who exhibits nonlinear probability weighting. Additionally, we include CPT with the single free
parameter ~y (setting « = § = ¢ = 1), which Fudenberg et al. (2023) found to be an especially

effective one-parameter specification.

Black Box Algorithms. We consider two popular machine learning algorithms. First, we train
a random forest (RF), which is an ensemble learning method consisting of a collection of decision

trees.'® Second, we train a kernelized ridge regression model (KR), which modifies OLS to weight

16 A decision tree recursively partitions the input space, and learns a constant prediction for each partition element.
The random forest algorithm collects the output of the individual decision trees, and returns their average as the
prediction. Each decision tree is trained with a sample (of equal size to our training data) drawn with replacement
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observations at nearby covariate vectors more heavily, and additionally places a penalty term on the
size of the coefficients. Specifically, we use the radial basis function kernel x(z, %) = e llz=2l3
to assess the similarity between covariate vectors x and Z. Given training data {(z;,y;)}2Y,, the
estimated weight vector is @ = (K + A y)~'%y, where K is the N x N matrix whose (4, j)-th
entry is x(xz;, z;), In is the N x N identity matrix, and ¢/ = (y1, ..., yn)’ is the vector of observed
outcomes in the training data. The estimated prediction rule is o(z) = SN | wir(z, x;).

There are at least two approaches for cross-validating hyper-parameters such as the size of
the trees in the random forest algorithm. First, when there are multiple training domains one can
cross-validate across them; we use this in Appendix C.5.6. Second, one can cross-validate across
observations within the training domains. Since we are interested in cross-domain performance,
rather than within-domain performance, it is not guaranteed that this will improve performance,
and indeed we find that choosing the hyper-parameters via within-domain cross-validation leads
to worse transfer performance than using default values. Thus in our main analysis with a single

training domain, we set all hyper-parameters to default values.!”

Discussion. There is no established definition of what constitutes an economic model versus
a black box algorithm, but one way of distinguishing between the two approaches is whether the
prediction method is tailored to a general application or a general-purpose method of prediction.
EU and CPT model the risk preferences of economic agents; we would not expect these models
to predict well if we changed our problem to image classification. In contrast, random forest
algorithms and kernel regression have been successfully applied across a wide array of prediction

problems. In this sense, EU and CPT are economic models, while RF and KR are not. Our

from the actual training data. At each decision node, the tree splits the training samples into two groups using a
True/False question about the value of some feature, where the split is chosen to greedily minimize mean squared
error.

17Specifically, we set A = 1 and v = 1/(#covariates) = 1/3 in the kernel regression algorithm. See Pedregosa
etal. (2011) and Chapter 14 of Murphy (2012) for further reference. For the random forest model, we set the maximum
depth to none, so the tree is extended until outcomes are homogeneous within each leaf.
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approach and results can, however, equally be applied to evaluate prediction methods that are a
hybrid of the two approaches. For example, Plonsky et al. (2019) and Hsieh et al. (2023) consider
black box algorithms whose inputs are based on prior economic theory. We leave investigation of
the transfer performance of such methods to future work.

We note finally that although black box algorithms are traditionally perceived as more flexible
than economic models, whether this is in fact the case is something that has to be determined case-
by-case. In particular, Fudenberg et al. (2023) shows that although CPT uses only four parameters,

it imposes very few restrictions on mappings from binary lotteries to certainty equivalents.

4.5.3 Within-domain performance

We first evaluate how these models perform when trained and evaluated on data from the same
subject pool. We compute the tenfold cross-validated out-of-sample error for each decision rule
in each of the 44 domains.'® The two black box methods (random forest and kernel regression)
each achieve lower cross-validated error than EU and CPT in 38 of the 44 domains, although the
improvement is not large. To obtain a simple summary statistic for the comparison between the
economic models and black boxes, we normalize each economic model’s error (in each domain)
by the random forest error. Table 4.1 averages this ratio across domains and shows that on average,
the cross-validated errors of the economic models are slightly larger than the random forest error.
That is, the CPT error is on average 1.06 times the random forest error, and the EU error is on

average 1.21 times the random forest error. !

18We split the sample into ten subsets at random, choose nine of the ten subsets for training, and evaluate the
estimated model’s error on the final subset. The tenfold cross-validated error is the average of the out-of-sample errors
on the ten possible choices of test set.

The numbers in Table 4.1 are very similar if we normalized by the kernel regression error instead.
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Model Normalized Error
EU 1.21
CPT variants

ol 1.12

a, f 1.22

0,7y 1.08

a, B,y 1.07

a, 3,0, 1.06

Table 4.1: Average ratio of out-of-sample errors relative to random forest.

These results suggest that the different prediction methods we consider are comparable for
within-domain prediction, with the black boxes performing slightly better. But the results do not
distinguish whether the economic models and black boxes achieve similar out-of-sample errors by
selecting approximately the same prediction rules, or if the rules they select lead to substantially
different predictions out-of-domain. We also cannot determine whether the slightly better within-
domain performance of the black box algorithms is achieved by learning generalizable structure
that the economic models miss, or if the gains of the black boxes are confined to the domains on
which they were trained. We next separate these explanations by evaluating the transfer perfor-

mance of the models.

4.5.4 Transfer error

We use the results in Section 4.3.2 to construct forecast intervals for the two specifications of
transfer error defined in (4.1) and(4.2), which we will subsequently call raw transfer error and

transfer shortfall respectively. We also consider another normalization of the raw transfer error



127

with respect to a proxy for the best achievable error on the target sample. Let m € M index a set

of models that each prescribe rules f™ for mapping data to prediction rules. Then transfer shortfall

e(fS’r? SnJrl)

min,epm € <f§2+1> 5n+1>

(4.13)

reveals how much lower the accuracy of the transferred model fs,. is compared to the best in-
sample accuracy using a model from M.?® One advantage of this specification relative to (4.1) is
that the raw error is very sensitive to the predictability of y given x in the target sample, which may
differ across domains but is not directly related to the model’s transferability.

In our meta-data there are n = 44 domains, and we choose = 1 of these to use as the training
domain which corresponds to the question, “If the researcher draws one domain at random, and
then tries to generalize to another domain, how well will they do?” Figure 4.4 displays two-sided
forecast intervals for transfer performance, transfer deterioration, and transfer shortfall (where R
includes all decision rules shown in the figure). These forecast intervals use 7 = 0.95, so the upper
bound of the forecast interval is the 95th percentile of the pooled transfer errors (across choices
of the training and test domains), and the lower bound of the forecast interval is the Sth percentile
of the pooled transfer errors. (See Table C.2 in Appendix C.5.3 for the exact numbers.) Applying
Proposition 6, these are 86% forecast intervals. Choosing larger 7 results in wider forecast intervals
that have higher coverage levels, and we report some of these alternative forecast intervals in
Online Appendix C.5.4, including a 96% forecast interval.

Our main takeaway from Figure 4.4 is that although the prediction methods we consider are

very similar from the perspective of within-domain prediction, they have very different out-of-

20This quantity (subtracted from 1) is similar to the “completeness” measure introduced in Fudenberg et al. (2022a),
without the use of a baseline model to set a maximal reasonable error, and adapted for the transfer setting by training
and testing on samples drawn from different domains.
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Figure 4.4: 86% (n=44, T = 0.95) forecast intervals for (a) raw transfer error, (b) transfer shortfall (with 'R consisting
of the decision rules shown in the figure), and (c) transfer deterioration.

domain implications. Panel (a) of Figure 4.4 shows that the black box forecast intervals for raw

transfer error have upper bounds that are roughly twice those of the economic models. Panel

(b) shows that the contrast between the economic models and the black boxes is even larger for

transfer shortfall, which removes the common variation across models that emerges from variation

in the predictability of the different target samples. Panel (c) of Figure 4.4, which reports transfer

deterioration, shows that it is less important to re-estimate the economic models on new target

domains than to retrain the black-box algorithms.
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All of the forecast intervals overlap for each of the three measures. This is not surprising, as
variation in the transfer errors due to the random selection of training and target domains cannot be
eliminated even with data from many domains. ! Section C.3 provides confidence intervals for dif-
ferent population quantities, including quantiles of the transfer error distribution and the expected
transfer error, whose width we do expect to vanish as the number of domains grow large. There,
we find similar conclusions with regards to the relative performance of the black box algorithms
and economic models.

The appendix provides several robustness checks and complementary analyses. Online Ap-
pendix C.5.4 plots the 7-th percentile of pooled transfer errors as 7 varies, demonstrating that
forecast intervals constructed using other choices of 7 (besides 7 = 0.95) would look similar to
those shown in the main text. Online Appendix C.5.5 provides 86% forecast intervals for the ratio
of the raw random forest transfer error to the raw CPT transfer error, and finds that the random for-
est error is sometimes much higher than the CPT error, but is rarely much lower. Online Appendix
C.5.6 considers an alternative choice for the number of training domains, setting » = 3 instead of
r = 1. While the results are similar, the contrast between the economic models and black boxes
is not as large, suggesting that the relative performance of the black boxes improves given a larger
number of training domains. Online Appendix C.5.2 provides forecast intervals when each of the
14 papers is treated as a different domain; once again the black box methods transfer worse than
the economic models do.

We next use our theoretical results from Section 4.4 to study the consequences of relaxing the
i.i.d. assumption in our comparison of CPT(«, 3, d, ) and RF. Since the main differences observed

above concerned the upper bounds of our forecast intervals, we limit attention to 7 > 0.5, and

2'We expect the black box intervals and the economic model intervals to overlap so long as the economic model
errors on “upper tail” training and target domain pairs exceed the black box errors on “lower tail” training and target
domain pairs.
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compare the methods in terms of worst-case and everywhere dominance with respect to all three

measures of transfer performance. These results are summarized in Table 4.2.

Type raw transfer error transfer shortfall transfer deterioration
Worst-case dominance 72>0.5 72>0.5 72>0.5
Everywhere dominance 7> 0.954 7 > (0.866 T > 0.647

Table 4.2: Comparison between CPT and RF in terms of worst-case and everywhere dominance. Each cell gives the
range of T at which CPT dominates RF.

Table 4.2 shows that CPT worst-case-dominates RF at all quantiles 7 > 0.5 and for all three
transfer error measures. Hence, our finding that the upper tail of transfer errors is larger for RF than
for CPT is robust to relaxing the assumption that the training and test domains are drawn from the
same distribution, provided that we are comfortable comparing the upper bound for one method to
the upper bound for the other. In Appendix C.5.8, we provide a more detailed view of worst-case
dominance by plotting eM(T") as functions of 7 and T", respectively.

We can also consider the more demanding everywhere dominance criterion, which asks what
happens if we relax our i.i.d. sampling assumption in a way which is as favorable to RF (and as
unfavorable to CPT) as possible. We find a substantial degree of robustness even under this highly
demanding criterion: CPT everywhere dominates RF in raw transfer error for all 7 > 0.954,
everywhere-dominates in transfer shortfall for 7 > 0.866, and everywhere dominates in transfer

deterioration for 7 > 0.647.

4.5.5 Do black boxes transfer poorly because they are too flexible?

One tempting explanation of why the black box algorithms transfer less well is that they may

overfit to idiosyncratic details of the training samples that do not generalize across subject pools.
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For example, suppose some subject pools tend to value lotteries depending on the specific digits
they contain.?? This regularity could not be captured by the economic models, because they do not
include parameters for individual digits, but could be learned by a random forest algorithm. If so,
the random forest would have better within-domain prediction for those subject pools, but worse
transfer performance (assuming this regularity does not generalize across subject pools).

While the flexibility of black box algorithms is likely an important determinant of their transfer
performance, a second analysis shows that this cannot be a complete explanation of our result. One
of the papers we use is based on samples of certainty equivalents from 30 countries (I’Haridon and
Vieider, 2019). Of the 30 samples from this paper, 29 samples report certainty equivalents for the
same 28 lotteries, and the remaining sample reports certainty equivalents for 24 of those lotteries.
We repeat our analysis using these 30 samples as the metadata, and find that the forecast intervals
for raw transfer error are indistinguishable across the prediction methods (Panel (a) of Figure 4.5).
There is some separation between the forecast intervals for the remaining two measures, but in
both cases the CPT and random forest forecast intervals are substantially more similar than in the
original data. If overfitting were the main explanation of our previous results, we would expect the
black box algorithms to overfit here as well.

In contrast, we find that the economic models again outperform the black box algorithms when
we consider a different definition of domains for the I’Haridon and Vieider (2019) data. Specifi-
cally, we aggregate all observations for the 24 lotteries that are shared in all 30 samples, and split
these observations into 24 samples, where each sample includes all reported certainty equivalents
(across subject pools) for a given lottery. For this new definition of domains, our transfer measures

evaluate how well a model estimated on data from certain lotteries predict certainty equivalents

22For example, Fortin et al. (2014) find that in neighborhoods with a higher than average percentage of Chinese
residents, homes with address numbers ending in “4” are sold at a 2.2% discount and those ending in “8” are sold at a
2.5% premium.



132

o
01
afdy
:52 afy
= KRA{ ¥ 1
REq ¥
EU1
af{ | 1
3 i 5 6
Raw transfer error
(a)
o I EU{ F——m
EUA | afi ¢ 1
a3 I 1 R e
.é 071 qu oyl F——
= aby = afyy b
aBéyl b i afdy
RF1 ¥ 1 RF
KR ¥ 1 KR{ ¥ 1
105 110 115 120 125 100 105 110 115 120 125
Transfer shortfall Transfer deterioration

(b) (©)

Figure 4.5: This figure reports 84% (n=30, 7=0.95) forecast intervals when we transfer across subject pools in the
I’Haridon and Vieider (2019) data.

for other lotteries. Figure 4.6 reports 83-level forecast intervals, and we find that the economic
models transfer substantially better than the black box algorithms. In fact, isolating the difference
across domains to be differences across lotteries exaggerates the relative value of economic models
even relative to our original Figure 4.4 (which uses a definition of domains that combines several
sources of variation). For consistency, Figure 4.6 reports confidence intervals for » = 1 (corre-
sponding to training on one lottery and predicting on another), but we show in Appendix C.5.7 that

the qualitative features of this figure hold also for r = 3 and r = 5.
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Figure 4.6: This figure reports 83% (n=24, 7=0.95) forecast intervals when we transfer across lotteries in the
I’Haridon and Vieider (2019) data.

4.5.6 Two kinds of transfer problems

Section 4.5.5 shows that differences in transfer performance between economic models and black

box algorithms cannot be explained solely by flexibility and overfitting.>* This motivates distin-

guishing between different sources of cross-domain variation, using the fact that our framework

allows the distribution P governing the training sample and the distribution P’ governing the test

21n fact, the flexibility gap between the black boxes and economic models is not large: many conditional mean
functions (for binary lotteries) can be well approximated by CPT for some choice of parameters values «, /3,9,y

(Fudenberg et al., 2023).
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sample to differ. At one extreme, P and P’ may share a common marginal distribution on the
feature space X, but have very different conditional distributions Py|x and Py, y (known as model
shift). In our application, this would mean that the distribution over lotteries is the same, but the
conditional distribution of reported certainty equivalents is different across domains. At another
extreme, the conditional distributions Py x and P{/‘ + might be the same, but the marginal distri-
butions over the feature space could differ across domains, e.g., if different kinds of lotteries are
used in different domains (known as covariate shift).

Our findings in Figure 4.5 suggest that black boxes do as well as economic models at transfer
prediction when the marginal distribution over features Px is held constant across samples. In-
tuitively, when the relevant feature vectors are the same in every sample, a black box algorithm
can perform well by simply memorizing a prediction for each of these feature vectors. In contrast,
when the set of lotteries varies across samples, then good transfer prediction necessarily involves
extrapolation, and an algorithm that hasn’t identified the right structure for relating behavior across
lotteries will fail to generalize. Since economic models of risk preferences are intended to relate
an individual’s preferences across lotteries that permits extrapolation of this form, our empirical
results suggest that they do so effectively.

For a simple, stylized, example of this contrast, consider three domains with degenerate distri-
butions over observations. In domain 1, the distribution is degenerate at the lottery (21, z2,p) =
(10,0, 1/2) and certainty equivalent y = 3. In domain 2, the distribution is degenerate at the lottery
(21, 22,p) = (10,0, 1/2) and certainty equivalent y = 4. In domain 3, the distribution is degen-
erate at a new lottery (21, z2,p) = (20,10,1/10) and certainty equivalent y = 11. Suppose EU
and a decision tree are both trained on a sample from domain 1. The CRRA parameter n ~ 0.64
perfectly fits the observation (10,0, 1/2; 3), as does the trivial decision tree that predicts y = 3 for

all lotteries. The estimated EU model and decision tree are equivalent for predicting observations
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in domain 2: both predict ¥y = 3 and achieve a mean-squared error of 1. But their errors are very
different on domain 3: the EU prediction for the new lottery is approximately 10.8 with a mean-
squared error of approximately 0.05, while the decision tree’s prediction is 3 with a mean-squared

error of 64.

4.5.7 Predicting the relative transfer performance of black boxes and economic models

The preceding sections suggest that the relative transfer performance of black boxes and economic
models is determined primarily by shifts in which lotteries are sampled, rather than shifts in be-
havior conditional on those lotteries. To further test this conjecture, we examine how well we can
predict the ratio of the raw random forest transfer error to the raw CPT transfer error given infor-
mation about the training and test lotteries but not about the distribution of certainty equivalents in
either sample. If the relative performance of these methods depended importantly on behavioral
shifts in the two domains—i.e., a change in the distribution of certainty equivalents for the same
lotteries—then we would expect prediction of the relative performance based on lottery informa-
tion alone to be poor. We find instead that lottery information has substantial predictive power for
this ratio.

For each sample S = {(214, 224, Pi; ¥:) }1",, we consider the following features: the mean,
standard deviation, max, and min value of z; among the lotteries in S'; the mean, standard deviation,
max, and min value of z; among the lotteries in S; the mean, standard deviation, max, and min
value of p among the lotteries in S; the mean, standard deviation, max, and min value of 1 — p
among the lotteries in S; the mean, standard deviation, max, and min of pz; 4+ (1 — p)z, among the
lotteries in S; the size of S; and an indicator variable for whether 21, zo > 0 for all lotteries in .S.

We consider three possible feature sets: (a) Training Only, which includes all features derived

from the training sample My; (b) Test Only, which includes all features derived from the test
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sample Sy, (¢) Both, which includes all features derived from the training sample M+ and the test
sample S;. We evaluate two prediction methods: OLS and a random forest algorithm. Table 4.3
reports tenfold cross-validated errors for each of these feature sets and prediction methods. As a

benchmark, we also consider the best possible constant prediction.

Train Only Test Only Both

Constant 2.57 2.57 2.57
OLS 1.00 2.61 0.94
RF 0.98 2.52 0.76

Table 4.3: Cross-Validated MSE

stddev(z1)> 0

FALSE TRUE

predict 5.47

predict 1.43

number of train-test pairs: 129
MSE: 14.28

number of train-test pairs: 1763
MSE: 0.60

Figure 4.7: Best I-split decision tree based on training and test features.

The best constant prediction achieves a mean-squared error of 2.57, which can be more than
halved using features of the training set alone. Using features of both the training and test sets, the
random forest algorithm reduces error to 30% of the constant model.

The random forest algorithm is too opaque to deliver insight into how it achieves these better

predictions, but we can obtain some understanding by examining the best 1-split decision tree,
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shown in Figure 4.7 below. This decision tree achieves a cross-validated MSE of 1.75, reducing
the error of the constant model by 32%. It partitions the set of (train,test) domain pairs into two
groups depending on whether the standard deviation of z; (the larger prize) in the training set of
lotteries exceeds zero. There are three domains in which the prizes (21, z2) are held constant across
all training lotteries (although the probabilities vary). In the 129 transfer prediction tasks where
one of these three domains is used for training, the decision tree predicts the ratio of the random
forest error to the CPT error to be 5.47. For all other transfer prediction tasks, the decision tree
predicts 1.43. This finding reinforces our intuition that the relative performance of the black boxes
and economic models is driven in part by whether the training sample covers the relevant part of
the feature space. When the training observations concentrate on an unrepresentative part of the
feature space (such as all lotteries that share a common pair of prize outcomes), then the black
boxes transfer much more poorly than economic models.

Our results also clarify a contrast between transfer performance and classical out-of-sample
performance. In out-of-sample testing, the marginal distribution on X is the same for the training
and test samples, so the set of training lotteries is likely to be representative of the set of test lotter-
ies as long as the training sample is sufficiently large. When test and training samples are governed
by distributions with different marginals on X, the set of training lotteries can be unrepresentative
of the set of test lotteries regardless of the number of training observations. Training on observa-
tions pooled across many domains alleviates the potential unrepresentativeness of the training data,
but the number of domains needed will depend on properties of the distribution: An environment
where each domain puts weight on exactly one lottery that is itself sampled 1.1.d. may be difficult
for black-box algorithms,?* while an environment where the marginal distribution is degenerate on

the same lottery in all domains may be easier. There is no analog in out-of-sample testing for the

24In this case, the number of domains black boxes need to achieve good transfer performance is likely comparable
to the number of observations they need for good out-of-sample performance, which can be quite large.
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role played by variation in the marginal distribution on X across domains. Moving beyond our
specific application, we expect this variation to be an important determinant of the relative transfer

performance of black box algorithms and economic models in general.

4.6 Conclusion

Our measures of transfer error quantify how well a model’s performance on one domain extrapo-
lates to other domains. We applied these measures to show that the predictions of expected utility
theory and cumulative prospect theory outperform those of black box models on out-of-domain
tests, even though the black boxes generally have lower out-of-sample prediction errors within a
given domain. The relatively worse transfer performance of the black boxes seems to be because
the black box algorithms have not identified structure that is commonly shared across domains, and
thus cannot effectively extrapolate behavior from one set of features to another. Our finding that the
economic models transfer better supports the intuition that economic models capture regularities
that are general across a variety of domains.

One may view our theoretical results, and the statistical assumptions which justify them, from
two perspectives. Taken literally, we consider a researcher who has access to data from a small set
of domains, and an analyst who is interested in how well the researcher’s procedure extrapolates.
To provide guarantees we restrict the ways domains relate to each other; the simplest and strongest
of these is that these is that the domains are exchangeable. We also assume that the analyst has
access to data from a larger set of domains than the researcher does. One might wonder why the
researcher uses a small set of domains for training, when the larger meta dataset is available to
the analyst. In particular, the researcher might prefer to use the larger cross-domain dataset for
training, leaving no “fresh” domains for performance evaluation. Although one could potentially

weaken our data requirements to cover such cases by restricting the researcher’s estimator, this
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would rule out the black box prediction methods that are a focus of our analysis.

Alternatively, one can view our results as a tool for evaluating and comparing the performance
of different methods for cross-domain prediction. The starting point for our analysis of a given
method is the matrix collecting that method’s cross-domain prediction errors for a set of observed
domains. These matrices are rich objects, and it is not obvious how to compare them, but our
theoretical analysis points to a natural set of summary statistics: quantiles of the observed error
distribution. Focusing on these quantiles, or equivalently on our forecast intervals, provides a

theoretically-motivated way to make comparisons across methods.
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CHAPTER 5
CONCLUSION AND FUTURE DIRECTIONS

This dissertation set out to explore a central tension in the computational turn of economics: the
same tools that expand our ability to measure and predict also introduce new questions about what
those measurements mean, and whether those predictions generalize. The three papers collected
here engage this tension from complementary angles.

Chapter 2 demonstrates that a latent economic concept, scientific novelty, can be operational-
ized with far greater precision than prior work allowed, but only once it is recognized as multi-
dimensional. The spatial-temporal decomposition reveals that the economics profession has been
implicitly conflating two distinct strategies for producing knowledge, strategies that carry funda-
mentally different consequences for scientific progress. Chapter 3 shows that an analogous de-
composition applies to strategic behavior: the game-theoretic ideal and the cognitively accessible
are not the same thing, and the gap between them, complexity, can be strategically managed in the
interaction to gain advantages. Chapter 4 closes the loop by asking whether the predictive models
that enable Chapters 2 and 3 can be trusted when applied outside their estimation environment.
The answer is qualified: black-box algorithms are powerful within a domain, but that power does
not transfer freely, and models grounded in economic theory offer a form of robustness that raw
predictive performance obscures.

Taken together, these papers advance a methodological argument: computational tools in eco-
nomics are most productive when they are disciplined by theory on the way in, and interrogated
critically on the way out. Measurement without theory produces metrics whose economic mean-

ing is uncertain. Prediction without attention to transferability produces models whose policy
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relevance is fragile. The contribution of this dissertation is to demonstrate, across three substantive

domains, what it looks like to hold both standards simultaneously.

5.1 Broader Frontiers

The three papers in this dissertation use computational tools primarily as instruments of measure-
ment and inference. Yet the frontier of computational economics is moving rapidly in directions
that this work does not fully engage, and that represent natural extensions of the questions raised

here. Three developments seem particularly consequential.

Large Language Models as Simulators of Economic Agents. The most immediate frontier is
the use of LLMs not merely to measure text, as in Chapter 2, but to simulate human behavior
directly. A growing body of work has begun to explore whether LLMs can serve as credible
stand-ins for human subjects in economic experiments, including but not limited to generating
choices, stated preferences, and strategic responses that approximate those of real agents (Horton,
2023). This possibility is consequential for the kind of research conducted in Chapter 3: if LLMs
can simulate players of varying skill levels, they could be used to run controlled experiments
on the emergence of complexity that are infeasible with observational chess data alone, such as
exogenously varying the skill gap between opponents or shutting down specific strategic incentives.
More broadly, LLM-based simulation could substantially reduce the cost of generating behavioral
data in settings such as auctions, bargaining, financial markets, where human subject experiments
are expensive or ethically constrained.

The critical open question, however, is one of validity. Simulated agents must be calibrated
against real behavior, and the conditions under which LLM responses faithfully approximate hu-

man economic decisions are not well understood. The transfer error framework developed in Chap-
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ter 4 provides a natural lens for this problem: an LLM simulator is reliable precisely to the extent
that its “in-domain” performance (replicating known experimental results) transfers to the “out-
of-domain” setting of interest. Establishing this kind of disciplined validation is, in the author’s
view, among the most important methodological tasks facing the next generation of computational

economists.

Generative Models and Synthetic Data. A related development is the use of generative Al to
produce synthetic datasets that preserve the statistical properties of sensitive or proprietary data.
The potential applications in economics are significant: administrative microdata, clinical records,
and financial transactions are often inaccessible to researchers precisely because of privacy con-
straints. Synthetic data generation could in principle democratize access to rich observational
datasets.

Yet the tension identified in Chapter 4 applies here with particular force. A generative model
trained on data from one environment will encode the distributional features of that environment.
Synthetic data produced from it will inherit those features, and any model trained on that synthetic
data will face a transfer problem when applied to real data from a different context. Understanding
the conditions under which synthetic training data produces models that generalize to real-world
deployment is a problem that the forecast interval framework of Chapter 4 is well-positioned to

address, and represents a natural extension of that paper’s methodology.

Hypothesis Generation and the Automation of Discovery. Perhaps the most speculative but
consequential frontier is the use of LLMs to generate scientific hypotheses (Ludwig and Mul-
lainathan, 2024). The semantic novelty framework of Chapter 2 provides a way to locate any re-
search papers, including an LLM-generated conjecture, within the existing intellectual landscape

of a discipline. This raises an intriguing possibility: one could use the spatial-temporal decom-
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position to audit the novelty profile of LLM-generated hypotheses, assessing whether they tend
to cluster in well-explored regions of the knowledge space (high temporal, low spatial novelty) or
whether they are capable of identifying genuinely underexplored intellectual territory.

If, as seems plausible, LLLM-generated hypotheses are systematically biased toward the frontier
of existing discourse—trained as they are on the most widely circulated text—then the spatial
novelty measure could serve as a diagnostic for identifying the blind spots of automated discovery.
More broadly, integrating the measurement tools of Chapter 2 with generative models offers a
path toward a quantitative science of science that goes beyond citation analysis to map the actual

topology of knowledge production and its automation.

5.2 A Final Remark

The computational turn in economics is still unfolding. The tools available to researchers today
are qualitatively different from those of a decade ago, and the tools of a decade hence will likely
be qualitatively different again. What will not change is the need to ask, of any new instrument,
the questions this dissertation has tried to ask: What does it actually measure? Under what condi-
tions does it behave as theory predicts? And when it is applied somewhere new, how much of its
performance travels with it?

These are not obstacles to the use of computational tools in economics. They are the conditions

under which those tools become genuinely scientific.
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APPENDIX A
APPENDIX FOR CHAPTER 2

A.1 Technical Details of Semantic Isolation Metrics

This appendix provides the formal definitions for the semantic isolation metrics discussed in Sec-

tion 2.2.

A.1.1 Fundamental Definitions

Let S be the corpus of all papers. For each paper i € S, we have a vector embedding e; and a
publishing year ¢;. Let S(¢) = {j € S | t; < t} be the set of papers published in or before year .
The core of our measurement is the set of pairwise distances between a focal paper ¢ and and
a specified comparison set of papers. For a focal paper ¢ and a temporal offset ¢ (in years), we
define the comparison set as S(¢; + ¢). The set of distances between paper i and all other papers

Jj € S(t; + ¢) (where j # i) is given by:
Dyicy = {d(ei,e;) | j € St +¢), j # i}
where d(-) denotes a measure of distance (e.g., Euclidean distance). The offset ¢ defines the tem-

poral window of the comparison:

e Contemporaneous (¢ = 0): Dy, oy is the set of distances between paper 7 and all other

papers published up to and including its own publication year ;.

* Prospective (c > 0): Dy 3 is the set of distances between paper ¢ and all papers published



158

up to three years after its publication.

* Retrospective (c < 0): Dy; 3y is the set of distances between paper 7 and all papers that

were published at least three years prior to its own publication.

A.1.2 Point-in-Time Isolation Metrics

The following four metrics quantify a paper’s isolation at a specific moment in time, defined by the
offset c. These metrics form the basis of our spatial novelty score. For clarity, a higher value for
distance-based metrics indicates greater isolation, while a lower value for density-based metrics

indicates greater isolation.

Metric 1: Neighborhood Density. The number of papers within a radius defined by a fraction ~

of the mean distance from paper i:
N(i,c) = ‘{d €Dg | d<y-Mean (D{i,c})}}

Metric 2: k—Nearest Neighbors (k—NN) Distance. The distance to the £—th closest paper in
the comparison set:

d’fi,c} = k-th smallest element of Dy; .,

A larger value of dk mdlcates that a paper’s closest intellectual peers are semantically distant,

implying higher isolation.
Metric 3: Average k—NN Distance. The average distance to the £ nearest neighbors:

k
df; oy = Z j-th smallest element of Dy; ;)

?vlr—
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This provides a more robust measure of local isolation than the single £-NN distance. A higher

value indicates greater isolation.

Metric 4: Kernel Density. A Gaussian kernel density estimate of the local semantic environ-

ment:

density(i,c, k) = Z et/

deD{i,c}
The bandwidth ¢ is adapted for each paper by setting it to that paper’s £-NN distance, 0 =

d'{“m}. This provides a smooth, weighted measure of local density.

A.1.3 Dynamic Isolation Metrics

Dynamic metrics capture temporal novelty by measuring the change in a paper’s semantic envi-
ronment over time. For any point-in-time metric M defined above, we define its change between

two time points, specified by offsets ¢; and ¢, where ¢; < ca, as:
AM(@, Cy, CQ) = M(Z, Cl) — M(Z, CQ)

The interpretation of the sign of AM depends on whether M is a distance or density metric.

We primarily use two types of dynamic metrics:

* Retrospective Change: The change in isolation in the period leading up to a paper’s pub-
lication. For example, using the k-NN distance metric, we can calculate Adk(i, -3,0) =
dl{ci,—S} — d]fi,o}- A large positive value for this measure indicates that the k-NN distance
decreased significantly over the three years prior to publication, implying the neighborhood
became rapidly denser. This signals that the paper is entering a “hot” or consolidating re-

search frontier.
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* Prospective Change: The change in isolation in the period following the focal paper’s pub-
lication, such as Ad*(i,0,3) = d’fi,o} — dlfi,B}' While not used for prediction (as it uses future
information), this serves as a validation measure. A large positive value indicates that a pa-
per’s neighborhood became much denser after it was published, suggesting it was a precursor

to a new line of inquiry.

A.1.4 Baseline Semantic Indicators

To isolate paper-specific novelty from corpus-wide trends (e.g., the overall densification of the se-
mantic space over time), we construct a set of baseline indicators. These serve as control variables

for semantic isolation metrics.
* Paper-level Mean Distance: For each paper i, its mean distance to all prior work: Mean(Dy; oy ).

* Corpus-level Annual Mean Distance: For each year ¢, the average distance between all

pairs of papers published in or before that year. The measure is Mean; jcs),iz; (d(€i, €;)).

* Temporal Change in Corpus-level Distance: The year-over-year change in the corpus-

level annual mean distance. This controls for secular trends in the semantic space.

A.2 Database Construction and Feature Implementation

This appendix provides a detailed description of the data collection, processing, and feature engi-
neering pipeline used in our analysis.
A.2.1 Dataset Construction

Data Sources and Scope. Our dataset is constructed from three primary sources: RePEc (Re-

search Papers in Economics) for metadata, Google Scholar for citation counts and PDF access, and
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SciSciNet (Lin et al., 2023) for bibliometric indicators. The scope of our corpus is defined by the
list of economics journals compiled by Angrist et al. (2017), which includes a broad set of general

interest and top field journals.

Data Collection and Integration. The data construction process involved three main steps.
First, we programmatically collected article metadata (title, author, year, journal, volume) from the
RePEc website for all journals in our target list. Second, we queried each article title on Google
Scholar to retrieve citation counts (as of December 2024) and links to publicly available PDF ver-
sions. Third, we downloaded the full-text PDFs and matched each article to its corresponding
entry in the SciSciNet database using title, author, and publication year to retrieve pre-computed
disruption and atypicality scores. We performed extensive cleaning to retain only main research

articles and ensure accurate matching across sources.

Sample Definition. As described in Section 2.3, the final dataset is partitioned to facilitate a

causally-grounded analysis.

* Knowledge Base (1980-1995): This set of papers provides the historical semantic context

against which the novelty of later papers is measured.

* Focal Period (1996-2015): This is the primary analysis sample, for which we measure

novelty and subsequent impact.

After filtering and matching procedures, the final analysis dataset contains 52,766 papers from
the focal period with complete metadata, text, and impact data. A list of the journals included is

provided in Table A.1.



Journal Name

Journal Name

American Economic Review

American Journal of Agricultural Economics
Applied Economics

Bell Journal of Economics and Management Science
Canadian Journal of Economics
Econometric Theory

Economic Development and Cultural Change
Economic Record

Economica

European Economic Review

Federal Reserve Bank of St. Louis Review
Industrial and Labor Relations Review
International Journal of Game Theory
International Labour Review

Journal of Econometrics

Journal of Economic Dynamics and Control
Journal of Economic Issues

Journal of Economic Perspectives

Journal of Economics & Management Strategy
Journal of Health Economics

Journal of Industrial Economics

Journal of International Economics

Journal of Labor Economics

Journal of Law, Economics, & Organization
Journal of Mathematical Economics

Journal of Money, Credit and Banking
Journal of Productivity Analysis

Journal of Regional Science

Journal of Urban Economics

Kyklos

National Tax Journal

Oxford Economic Papers (New Series)
Quarterly Journal of Economics

Quarterly Review of Economics and Finance
Review of Economic Dynamics

Review of Economics and Statistics

Review of Radical Political Economics
Social Choice and Welfare

The Economic Journal

Theory and Decision

American Economist

Annals of Economic and Social Measurement
Bell Journal of Economics

Brookings Papers on Economic Activity
Carnegie-Rochester Conference Series on Public Policy
Econometrica

Economic Inquiry

Economic Theory

Economics Letters

Explorations in Economic History

Games and Economic Behavior

International Economic Review

International Journal of Industrial Organization
Journal of Business & Economic Statistics
Journal of Economic Behavior & Organization
Journal of Economic History

Journal of Economic Literature

Journal of Economic Theory

Journal of Environmental Economics and Management
Journal of Human Resources

Journal of Institutional and Theoretical Economics
Journal of International Money and Finance
Journal of Law and Economics

Journal of Legal Studies

Journal of Monetary Economics

Journal of Political Economy

Journal of Public Economics

Journal of Regulatory Economics

Journal of the European Economic Association
NBER Macroeconomics Annual

Oxford Bulletin of Economics and Statistics
Public Policy

Quarterly Review of Economics and Business
RAND Journal of Economics

Review of Economic Studies

Review of Income and Wealth

Review of Social Economy

Southern Economic Journal

The Energy Journal

‘World Development
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Table A.1: List of Economics Journals included in the Corpus. We use the list of journals from Angrist et al. (2017).

A.2.2 Descriptive Statistics of Data
A.2.3 Semantic Content Extraction Pipeline

A central innovation of our study is the extraction of structured, multi-dimensional representations

of each paper’s intellectual contribution using Large Language Models (LLMs).

Text Processing. The pipeline begins with the raw PDF files. Each PDF is converted to plain
text using an LLLM-based Optical Character Recognition (OCR) model to handle complex layouts
and mathematical notation. To manage computational costs while preserving essential content, we
employ a two-step summarization process using Gemini Pro. First, the full text is condensed into

an structured comprehensive summary (approx. 1500-2000 words). This summary is designed to
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Field Count Mean cite (std) Median cite 75-th cite Disruptive rate
macroeconomics 5353 203.7 (540.85) 58.0 165.0 0.135
international 3951 251.8(681.66) 75.0 224.0 0.171
financial 3953 207.8 (690.30) 59.0 171.0 0.112
economic history 1061 125.9 (234.46) 57.0 126.0 0.203
microeconomic theory 8079 109.4 (463.79) 37.0 93.0 0.089
industrial organization 3985 167.5(378.25) 60.0 162.0 0.166
econometrics & quantitative 6331 237.6 (872.89) 66.0 175.0 0.128
public 3828 178.4(398.10) 68.0 169.0 0.196
health 1824 164.4 (325.80) 78.0 175.0 0.230
development 2405 320.7 (715.11) 132.0 317.0 0.308
labor 4946 230.7 (489.91) 90.0 235.75 0.212
agricultural 928 151.1(226.69) 74.5 181.0 0.347
urban & regional 933 246.8 (400.85) 119.0 259.0 0.193
environmental & resource 1520 1759 (337.95) 75.0 174.25 0.251
behavioral 2543 298.9 (786.60) 95.0 257.5 0.091
other 1126 198.7 (579.87) 58.0 161.75 0.256
all 52766 201.1 (587.07) 65.0 176.0 0.163

Table A.2: Descriptive Statistics by Economic Subfield. “Disruptive rate” is the fraction of papers with a disruption
index greater than zero, following Wu et al. (2019).

retain all core arguments, methods, and findings.

Multi-Dimensional Insight Extraction. Second, from this comprehensive summary, we prompt
the LLM to extract five distinct aspects of the paper’s contribution. This decomposition allows us

to measure novelty along different intellectual dimensions. The five insight types are:

* Paragraph: A concise overview of the paper’s primary contribution.
» Topic: The paper’s subfield classification, research subject, and specific issues addressed

* Question-Conclusion: The core research questions posed and the principal findings or con-

clusions.
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* Methodology: The data sources, empirical strategy, analytical models, and technical ap-

proaches used.

* Theory: The theoretical frameworks, conceptual models, and analytical innovations intro-

duced.

The prompts for insights and comprehensive summary are in Appendix A.6.

A.2.4 Feature Engineering
The final stage of our pipeline involves generating the semantic isolation metrics from the struc-

tured text data.

Embedding and Distance Calculation. To ensure the robustness of our semantic representa-
tions, we generate embeddings for each of the five insight types using three distinct models: SciB-
ERT, SPECTER, and Qwen. We then calculate pairwise distances between all papers in the corpus

using both Euclidean distance and cosine similarity.

Systematic Feature Construction. The full set of 3,240 candidate features is generated by sys-

tematically combining choices along five axes:

1. Insight Type (5 options): Paragraph, Topic, Question-Conclusion, Methodology, Theory.

2. Embedding Model (3 options): SciBERT, SPECTER, Qwen.

3. Distance Metric (2 options): Euclidean, Cosine similarity.

4. Isolation Metric Type: Neighborhood Density, k-NN Distance, Average k-NN Distance,

Kernel Density, and the Dynamic metrics.
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5. Hyperparameters: The metrics are calculated across a range of parameters to capture iso-

lation at different scales:
* For Neighborhood Density: v € {0.5,1.0,1.5}.

* For k-NN based metrics: k € {3,5, 10, 20, 30, 50}.

* For Dynamic Change metrics: The change is computed over intervals defined by offsets
c1,c2 € {—b,—3,0} years relative to the publication date (e.g., [—3, 0] for retrospec-

tive).

This systematic, combinatorial approach ensures a comprehensive measurement of a paper’s se-

mantic position and trajectory, forming the empirical foundation for our analysis.

A.3 More Results on Validating Semantic Isolation Metrics

This appendix provides supplementary tables and analyses that support the validation of our se-

mantic isolation metrics presented in Section 2.4.

A.3.1 Full Results for Predictive Tasks

This section presents the complete set of results for the prediction tasks, comparing the perfor-

mance of our Isolation metrics against all other feature groups.

Predicting Log Citation Counts. Table A.3 details the performance of each individual feature
group in predicting log citation counts. Notably, the Isolation feature set demonstrates predictive
power (measured by MSE reduction) that is highly competitive with standard textual represen-
tations like TF-IDF. Table A.4 shows that the dimensionally-reduced Isolation-PCA feature set

(200 components) retains nearly all the predictive power of the full set, justifying its use in the
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SHAP analysis in the main text and confirming that the signal is robust, not an artifact of high

dimensionality.
feature set MSE comp
control 1.7529 -0.0285
(0.00161)
control+subfield 1.7044 0.0
(0.00154)
control+journal 1.3252 0.2225
(0.00122)
control+textual 1.4558 0.1459
(0.00139)
control+LDA 1.5698 0.0790
(0.00149)
control+TFIDF 1.3935 0.1824
(0.00135)
control+atypicality 1.7110 -0.0039
(0.00156)
control+isolation 1.5352 0.0993
(0.00133)
control+isolation-PCA  1.5728 0.0772
(0.00137)

Table A.3: Individual feature groups predicting log citation counts.

Predicting Disruptive Papers. The full results for the disruption prediction task are presented

in Tables A.5 and A.6. As with citations, the Isolation metrics are a top-performing feature group,

with precision and F1-scores comparable to TF-IDF. The Isolation-PCA features again provide a

significant, additional improvement in predictive performance, reinforcing the findings from the

main text.



feature set MSE comp

control+subfield 1.7044 0.0
(0.00154)

all features (excl. isolation) 1.1465 0.3273
(0.00111)

all features (incl. isolation) 1.1092 0.3492
(0.00105)

all features (incl. isolation-PCA) 1.1105 0.3485
(0.00105)

Table A.4: Additional value of isolation-PCA in predicting log citations.

A.3.2 Decomposition of Predictive Power by Insight Type
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To understand which dimensions of a paper’s content contribute most to our novelty measures, we

decompose the Isolation feature set by the five LLM-generated insight types. Tables A.7 through

A.10 present the results. For both citations and disruption, isolation metrics based on the Paragraph

Summary and Question-Conclusion consistently yield the highest predictive performance. This

reinforces the finding that novelty in a paper’s central claims is a primary predictor of impact.

Metrics based on Theory also perform strongly. While Methodology and Topic isolation show

slightly weaker performance, they still provide significant predictive value, demonstrating that

novelty along these dimensions is also an important, albeit secondary, signal of future influence.



Feature set Precision Comp-prec Fl1 Comp-F1
control 0.2875 -0.0387 0.3885 -0.0455
(0.00046) (0.00049)
control+subfield 0.3140 0.0 0.4151 0.0
(0.00053) (0.00057)
control+journal 0.3398 0.0377 0.4384 0.0397
(0.00055) (0.00054)
control+textual 0.3786 0.0942 0.4597 0.0762
(0.00068) (0.00062)
control+LDA 0.3717 0.0841 0.4634 0.0825
(0.00059) (0.00056)
control+TFIDF 0.4171 0.1503 0.4835 0.1169
(0.00067) (0.00052)
control+atypical 0.3231 0.0133 0.4220 0.0118
(0.00057) (0.00058)
control+isolation 0.4064 0.1347 0.4699 0.0937
(0.00064) (0.00059)
control+isolation-PCA  0.4007 0.1263 0.4599 0.0764
(0.00074) (0.00063)

Table A.5: Individual feature groups predicting disruptive papers.

Feature set Precision Comp-prec Fl1 Comp-F1

control 0.2875 -0.0387 0.3885 -0.0455
(0.00046) (0.00049)

control+subfield  0.3140 0.0 0.4151 0.0
(0.00053) (0.00057)

all 0.4270 0.1647 0.4915 0.1305
(0.0007) (0.0006)

all+isolation 0.4517 0.2007 0.5063 0.1559
(0.00081) (0.00067)

all+isolation-PCA  0.4514 0.2003 0.5053 0.1541
(0.00082) (0.00066)

Table A.6: Additional value of isolation-PCA in predicting disruption.
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Feature set MSE Completeness
control+subfield 1.7044 0.0
(0.00154)
control+atypical 1.7110 -0.0039
(0.00156)
control+isolation 1.5352 0.0993
(0.00133)
control+isolation-paragraph 1.5914 0.0663
(0.00145)
control+isolation-methodology 1.6191 0.0500
(0.00137)
control+isolation-theory 1.6182 0.0506
(0.00142)
control+isolation-topic 1.6342 0.0412
(0.00146)
control+isolation-question-conclusion  1.6060 0.0577
(0.00139)

Table A.7: Predicting log citations: performance of individual insight types.

Feature set MSE Completeness

control+subfield 1.7044 0.0
(0.00154)

all features (excl. isolation) 1.1465 0.3273
(0.00111)

all features (incl. isolation) 1.1092 0.3492
(0.00105)

all features (incl. isolation-paragraph) 1.1065 0.3508
(0.00109)

all features (incl. isolation-methodology) 1.1359 0.3335
(0.00112)

all features (incl. isolation-theory) 1.1175 0.3444
(0.00107)

all features (incl. isolation-topic) 1.1313 0.3363
(0.00105)

all features (incl. isolation-ques-conc) 1.1118 0.3477
(0.00106)

Table A.8: Predicting log citations: additional value of insight types



feature prec comp-prec  fl comp-fl
control 0.2875 -0.0387 0.3885 -0.0455
(0.00046) (0.00049)
control+subfield 0.3140 0.0 0.4151 0.0
(0.00053) (0.00057)
control+journal 0.3398 0.0377 0.4384 0.0397
(0.00055) (0.00054)
control+textual 0.3786 0.0942 0.4597 0.0762
(0.00068) (0.00062)
control+LDA 0.3717 0.0841 0.4634 0.0825
(0.00059) (0.00056)
control+TFIDF 0.4171 0.1503 0.4835 0.1169
(0.00067) (0.00052)
control+atypical 0.3231 0.0133 0.4220 0.0118
(0.00057) (0.00058)
control+isolation 0.40064 0.1347 0.4699 0.0937
(0.00064) (0.00059)
control+isolation-paragraph 0.3773 0.0923 0.4556 0.0691
(0.00067) (0.00063)
control+isolation-methodology 0.3618 0.0697 0.4292 0.0241
(0.00071) (0.00065)
control+isolation-theory 0.3610 0.0685 0.4360 0.0356
(0.00059) (0.00051)
control+isolation-topic 0.3505 0.0533 0.4191 0.0068
(0.00065) (0.00055)
control+isolation-question-conclusion  0.3662 0.0762 0.4416 0.0453
(0.00058) (0.00056)

Table A.9: Predicting disruption: performance of individual insight types
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Feature set Precision Comp-prec F1 Comp-Fl1

control 0.2875 -0.0387 0.3885 -0.0455
(0.00461) (0.00486)

control+subfield 0.3140 0.0 0.4151 0.0
(0.0053) (0.0057)

all features (excl. isolation) 0.4270 0.1647 0.4915 0.1305
(0.00701) (0.00602)

all features (incl. isolation) 0.4517 0.2007 0.5063 0.1559
(0.00081) (0.00067)

all features (incl. isolation-paragraph) 0.4419 0.1864 0.5062 0.1557
(0.00073) (0.00062)

all features (incl. isolation-method) 0.4338 0.1746 0.4932 0.1334
(0.00072) (0.0006)

all features (incl. isolation-theory) 0.4380 0.1808 0.5003 0.1457
(0.00073) (0.00063)

all features (incl. isolation-topic) 0.4357 0.1774 0.4961 0.1385
(0.00075) (0.00058)

all features (incl. isolation-ques-conc) 0.4404 0.1843 0.5029 0.1500
(0.00073) (0.00061)

Table A.10: predicting disruption: additional value of insight types.
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A.3.3 Subgroup Analysis by Economic Subfield

To assess the generalizability of our findings, we conduct the prediction exercises separately for
each of the 16 economic subfields in our sample. Tables A.11 and A.12 report the results for
predicting log citations and disruption, respectively.

While the overall predictive power of isolation metrics holds across most fields, the relative
importance of different insight types varies. Notably, isolation metrics derived from the Question-
Conclusion summary are the strongest individual predictors in a majority of subfields for both
citations and disruption. This suggests that novelty in a paper’s core argument - the questions it
asks and the answers it provides - is a particularly potent and generalizable predictor of scientific
impact. We also observe that overall predictive accuracy tends to be lower in more established
or theoretical fields (e.g., Microeconomic Theory, Macroeconomics), which also exhibit lower

baseline rates of disruption.
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The bootstrapped MSE of different feature groups when predicting log citation count of papers in different
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in parenthesis on the right of the MSE is the completeness, setting control group as worst case (same to the subfield

baseline) and perfect prediction as best case.

Table A.11
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The bootstrapped precision of different feature groups when predicting disruptive papers in different

Table A.12

subfields. The value in parenthesis below the MSE is standard error of the 100 time bootstrapping, and the value
in parenthesis on the right of the MSE is the completeness, setting control group as worst case (same to the subfield

baseline) and perfect prediction as best case.
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A.3.4 Including Prospective Features

In this section we add perspective dynamic isolation metrics and check the predicting performance.
Specifically, for dynamic metrics: The change is computed over intervals defined by offsets ¢y, co €
{=5,-3,0,3,5} years relative to the publication date (e.g., [—3, 0] for retrospective, [0, 3] for
prospective). We call this new set of isolation features isolation-wf, meaning it is with future

information.

Predicting Log Citation Counts . Table A.13 presents the standalone predictive power of the
atypicality and isolation feature groups. When added to the control variables, the atypicality score
offers no improvement over the baseline. In stark contrast, our isolation metrics achieve a com-

pleteness score of 17.9%, demonstrating substantial predictive power.

Feature set MSE Completeness
control+subfield 1.7044 0.0
(0.00154)
control+atypicality  1.7110 -0.0039
(0.00156)
control+isolation-wf 1.3999 0.1787
(0.00133)

Table A.13: Predicting log citation counts: individual feature groups. Standard errors from 100 bootstrap iterations
in parentheses. Completeness is the proportional reduction in MSE relative to the baseline.

Table A.14 shows that adding atypicality to the baseline provides a modest 2.3% improvement
in completeness. However, subsequently adding our isolation metrics increases completeness to
19.0% - an incremental gain of 16.7 percentage points. This strong additional effect provides com-
pelling evidence that isolation and atypicality are complementary, measuring distinct aspects of
novelty. Atypicality captures the novelty of a paper’s inputs (unusual combinations of references),

while our metrics capture the novelty of its output (the semantic content of its contribution).
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Feature set MSE Completeness

control+subfield 1.7044 0.0
(0.00154)

control+subfield+atypicality 1.6646 0.0234
(0.00154)

control+subfield+atypicality+isolation-wf 1.3801 0.1903
(0.00131)

all features (excl. isolation) 1.1465 0.3273
(0.00111)

all features (incl. isolation) 1.0439 0.3875
(0.00102)

Table A.14: Predicting log citation counts: additional value of isolation metrics.

The bottom panel of Table A.14 shows that even when added to a model containing all other
feature groups, our isolation metrics provide a statistically and economically significant improve-

ment, increasing completeness by an additional 6.1 percentage points.

isolation-wf-PCA

TFIDF

journal

textual

Feature Group

LDA

atypical
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Figure A.1: Feature importance (mean absolute SHAP) for predicting log citations.
To assess the relative importance of each feature group, we compute SHAP (SHapley Additive

exPlanations) values!. As shown in Figure A.l, the isolation metrics (reduced to 200 dimen-

sions via PCA for comparability) contribute more to the model’s predictions than any other feature

"We apply 5-fold cross validation, and combine the prediction on test folds to calculate the shap contribution.
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group, including TFIDF features. This confirms that semantic isolation is not a peripheral signal

but a central predictor of scientific impact.

Feature set Precision Comp-prec Fl1 Comp-F1

control+subfield 0.3140 0.0 0.4151 0.0
(0.00053) (0.00057)

control+atypicality 0.3231 0.0133 0.4220 0.0118
(0.00057) (0.00058)

control+isolation 0.4115 0.1421 0.4692 0.0925
(0.00072) (0.00059)

Table A.15: Predicting disruptive papers: individual feature groups. Standard errors from 100 bootstrap iterations in
parentheses. Comp-prec shows the completeness of error in precision.

Predicting Disruptive Papers The results for disruption prediction, presented in Table A.15,

mirror the patterns observed for citations. Our isolation metrics substantially outperform the atyp-

icality score, achieving a 14.21% completeness score on precision compared to just 1.33% for

atypicality. This consistency across different prediction tasks strengthens the evidence that isola-

tion captures fundamental aspects of research novelty.

Feature set Precision Comp-prec Fl1 Comp-F1

control+subfield 0.3140 0.0 0.4151 0.0
(0.00053) (0.00057)

control+subfield+atypicality 0.3437 0.0434 0.4424 0.0466
(0.00054) (0.00051)

control+subfield+atypicality+isolation 0.4242 0.1606 0.4797 0.1104
(0.00074) (0.00062)

all features (excl. isolation) 0.4270 0.1647 0.4915 0.1305
(0.00070) (0.00060)

all features (incl. isolation) 0.4551 0.2057 0.5052 0.1539
(0.00075) (0.00059)

Table A.16: Predicting disruptive papers: additional value of isolation metrics.
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Moreover, the metrics are again complementary, as shown in Table A.16. Adding isolation
metrics to a model that already includes the baseline and atypicality features increases precision
completeness from 4.34% to 16.06%. This additional effect confirms that our measure of semantic
distance captures a dimension of novelty relevant for disruption that is distinct from the recombi-
native novelty captured by atypicality.

The bottom panel of Table A.16 shows that isolation metrics continue to provide significant
predictive value even in the presence of all other features, increasing precision completeness from
16.47% to 20.57%. Although the 4.1 percentage point improvement is more modest than for ci-
tation prediction, the standard error shows that the improvement in precision is still significant. It
demonstrates the consistent and non-redundant value of isolation across different impact dimen-

sions.
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Figure A.2: Feature importance (mean absolute SHAP) for predicting disruption.

The SHAP analysis® in Figure A.2 further confirms that our isolation features are a key driver
of the model’s predictions. This confirms that isolation captures meaningful signals for identify-
ing potentially disruptive research, further validating our approach across different dimensions of

research impact.

ZWe apply 5-fold cross validation, and combine the prediction on test folds to calculate the shap contribution.
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A.4 More results on Typology

This appendix provides technical details on the construction of our novelty scores and presents

supplementary statistics on the distribution of papers within our two-dimensional framework.

A.4.1 From Isolation Metrics to Novelty Scores via PCA

We construct the spatial and temporal novelty scores by applying Principal Component Analysis
(PCA) to the relevant subsets of our standardized semantic isolation metrics. The first principal

component (PC1) of each set serves as our composite index.

» Spatial Novelty Score: PC1 of the standardized contemporaneous point-in-time isolation

metrics and the baseline paper-level mean distance.

* Temporal Novelty Score: PC1 of the standardized retrospective dynamic isolation metrics.

To interpret the novelty scores, we examine the contributions (factor loadings) of the underlying
features to the first principal component (PC1) for both the spatial and temporal analyses, as shown
in Figure A.3.

For both novelty scores, the interpretation is anchored by the dominant, positive loadings of
the distance-based metrics: £-NN distance (m2) and average k£-NN distance (m3). This provides a
clear and intuitive orientation for the final index. For the spatial novelty score, the strong positive
contributions from m2 and m3 confirm that a higher value on PC1 corresponds to greater semantic
isolation. For the temporal novelty score, their positive contributions confirm that a higher value
on PC1 corresponds to a more rapidly densifying neighborhood (i.e., a larger positive change in
isolation from ¢t = 3 to ¢t = 0), which is our measure of engagement with a “hot” research frontier.

The more complex loading patterns for the density-based metrics, particularly the mixed signs

for neighborhood density (ml), reflect the imperfect correlations between the different proxies
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Figure A.3: Distribution of feature contribution. Panel (a) is for spatial novelty, and panel (b) is for temporal novelty.
For the metric name: ml is neighborhood density; m2 is k—NN distance; m3 is k—NN average distance; and m4 is
Gaussian density.

for novelty. While all four metric types are designed to capture aspects of novelty, they are not
perfectly collinear. PCA constructs the optimal linear combination that captures the maximum
shared variance. In this process, a feature might receive a small or even negative loading if doing so
helps to purify the principal component, making it a better index of the primary variation defined by
the dominant m2 and m3 metrics. This is a standard outcome of PCA when synthesizing multiple,
related indicators.

Therefore, the resulting PC1 is a statistically robust index that synthesizes information from
all our isolation measures, with its overall direction and interpretation reliably governed by the
strongest and most intuitive distance-based features.

An analysis of the top-20 most influential features for each score reveals that a diverse set
of metrics contributes to the final indices. For both scores, metrics derived from various insight
types (especially Question-Conclusion and Paragraph Summary), embedding models (SPECTER
and Qwen), and distance measures are all highly represented. This diversity underscores the value

of our comprehensive feature engineering approach and demonstrates that the resulting novelty
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scores are robust composites rather than being driven by a single measurement choice.

A.4.2 Descriptive Statistics of the Novelty Framework

Figure A.4 shows the distribution of spatial novelty score and temporal novelty score.

Spatial
2500 4 Temporal

2000 A

1500 A

1000 A

500 A

=50 =25 0 25 50 75 100 125
Counts

Figure A.4: Distribution of novelty scores.

Table A.17 presents the distribution of papers across the four novelty archetypes, defined by
the median splits of the two scores. The prevalence of the off-diagonal archetypes - Trendy and
Outlying neighborhoods - quantifies the structural trade-off discussed in the main text. Trailblazing
neighborhoods, where papers successfully combine high spatial and temporal novelty, represent the
least common archetype, comprising about one-fifth of the sample.

Table A.18 details the distribution of papers from each economic subfield across the four quad-
rants, reinforcing the field-mapping analysis in the main text. For example, Macroeconomics pa-
pers are heavily concentrated in the Consolidating or Trendy quadrants, while Economic History
papers are mainly in Outlying quadrants. Figure A.5 visualizes the distributions for these two
fields, illustrating that while their central tendencies differ, there is substantial overlap. This over-

lap confirms that our framework captures within-field variation in research strategies, rather than



High Temporal Trendy

(N=15468, Percent=29.3%)

Trailblazing

(N=10915, Percent=20.7%)

Low Temporal Consolidating

(N=10915, Percent=20.7%)

Outlying

(N=15468, Percent=29.3%)

Low Spatial

High Spatial

Table A.17: Distribution of papers across the four novelty archetypes.

simply acting as a proxy for subfield identity.

field Consolidating Outlying Trendy Trailblazing
macroeconomics 0.31 0.149 0.474  0.067
international 0.257 0.185 0.42 0.139
financial 0.151 0.307 0.287  0.255
economic history 0.057 0.719 0.057  0.167
microeconomics theory 0.302 0.204 0.379  0.115
industrial organization 0.266 0.364 0.207  0.163
econometrics & quantitative 0.16 0.276 0.333  0.23
public 0.213 0.342 0.241  0.203
health 0.026 0.31 0.13 0.535
development 0.084 0.37 0.163  0.383
labor 0.241 0.307 0.274  0.178
agricultural 0.094 0.57 0.089  0.247
urban & regional 0.239 0.363 0.21 0.188
environmental & resource 0.103 0.474 0.126  0.297
behavioral 0.098 0.282 0.24 0.38
other 0.079 0.467 0.083 0.37
all 0.207 0.293 0.293  0.207
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Table A.18: Distribution of novelty archetypes within economic subfields. Each row shows the fraction of papers from

a given subfield that fall into each of the four novelty archetypes.
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Figure A.5: Distribution of macroeconomics and economic history papers, illustrating the distinct central tendencies
but substantial overlap between the two fields.

30
20 A
Trendy Trailblazing
> 10 A
©
3 B S
T 0] M
g ! | T
: $—
= ~10- I. I/ J
Consolidating | Outlying
_20 .
-30 T T : :
-20 -10 0 10 20

Spatial Novelty

30

Fields
macroeconomics
international
financial
economic history
microeconomics theory
industrial organization
econometrics & quantitative
public
health
development
labor
agricultural
urban & regional
environmental & resource
behavioral
other

Figure A.6: Median novelty profiles by economic subfield. Each point represents the median spatial and temporal
novelty score for all papers in a given subfield. Error bars represent 25-75 inter-quartile range.

A.5 More Results on Typology and Impacts

This appendix provides the detailed statistical results and robustness checks for the analysis pre-

sented in Section 2.6.
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A.5.1 Robustness of High-Citation Analysis

This section provides the full results for the analysis of high-citation rates. Table A.19 presents the
detailed statistics underlying Figure 2.8. The non-overlapping 95% confidence intervals confirm
that the differences between novelty archetypes are statistically significant.

In Table A.19, we first show the detailed values for Figure 2.8 in Section 2.6.1. The high-cited
rate and standard deviation are calculated from 100 resampling. We calculate the 95% confidence

interval for the values, which show that the differences between novelty types are statistically

significant.
Neighborhood Archetype High-Cite Rate SE 95% CI lower 95% CI upper
Consolidating 0.1808 0.00031 0.18023 0.18143
Outlying 0.1970 0.00027 0.19650 0.19755
Trendy 0.2914 0.00028 0.29080 0.29191
Trailblazing 0.3247 0.00032 0.32403 0.32527
all 0.2477 0.00001 0.24771 0.24775

Table A.19: High-citation rates (Top 25%) by novelty type. Statistics are calculated from 100 bootstrap iterations. A
paper is defined as highly cited if its citation count is in the top 25% of its publication-year-subfield cohort.

Tables A.20 and A.21 test the robustness of this finding using stricter definitions of “highly
cited” (top 10% and top 1%, respectively). The results confirm that the primary pattern holds and
suggest that the relative advantage of high temporal novelty becomes even more pronounced for
papers that achieve elite levels of impact. For the top 1% threshold, high-temporal-novelty papers
(in Trendy or Trailblazing Neighborhoods) are nearly twice as likely to be highly cited as their

low-temporal-novelty counterparts.
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Neighborhood Archetype High-Cite Rate SE 95% CI lower 95% CI upper
Consolidating 0.0646 0.00021 0.06416 0.06499
Outlying 0.0736 0.00017 0.07322 0.07390
Trendy 0.1178 0.00020 0.11739 0.11815
Trailblazing 0.1345 0.00029 0.13394 0.13506
all 0.0973 0.00001 0.09725 0.09729

Table A.20: High-citation rates (Top 10%) by novelty type.

Neighborhood Archetype High-Cite Rate SE 95% CI lower 95% CI upper
Consolidating 0.0054 0.00006 0.00526 0.00549
Outlying 0.0074 0.00005 0.00733 0.00753
Trendy 0.0108 0.00005 0.01071 0.01091
Trailblazing 0.0137 0.00007 0.01359 0.01387
all 0.0093 0.00001 0.00929 0.00931

Table A.21: High-citation rates (Top 1%) by novelty type.

A.5.2 Analysis of Citation Count Distributions

Beyond the binary classification of high impact, we examine the relationship between novelty
archetypes and the full distribution of citation counts. Table A.22 reports the mean, median, and
standard error (SE) for citations within each quadrant.

The results confirm the primary role of temporal novelty: papers in Trendy or Trailblazing
Neighborhoods have mean citation counts more than double those of papers in Consolidating or
Outlying neighborhoods. However, the analysis of median citations and the SE reveals an im-
portant secondary role for spatial novelty. Among high-temporal-novelty papers, papers in Trail-
blazing neighborhoods have a substantially higher median citation count than papers in Trendy
neighborhoods (105.3 vs. 85.7). This pattern, combined with the lower SE for papers in Trailblaz-
ing neighborhoods, indicates that while both archetypes can produce blockbuster hits, high spatial

novelty leads to a more consistently high level of impact and a less skewed citation distribution.



High Trendy

Temporal | (Mean=269.6, Median=85.7, SE=48.54)

Trailblazing

(Mean=270.9, Median=105.3, SE=41.40)
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Low Consolidating

Temporal | (Mean=121.4, Median=40.3, SE=26.79)

Outlying
(Mean=138.0, Median=49.0, SE=30.98)

Low Spatial

High Spatial

Table A.22: Citation distribution statistics by novelty type. Statistics are averaged over 100 bootstrap iterations. SE
is the standard error of the mean (Std. Dev. / sqrt Mean). For the full sample, Mean=200.6, Median=65.1, CV=2.87.

A.5.3 Robustness of Disruption Analysis

This section provides the full results for the analysis of disruptive impact. Table A.23 presents

the statistics underlying Figure 2.9. The confidence intervals confirm that papers high in spatial

novelty (in Outlying or Trailblazing neighborhoods) are significantly more likely to be disruptive

than their low-spatial-novelty counterparts.

Neighborhood Archetype Disruption Rate SE 95% CI lower 95% CI upper
Consolidating 0.1184 0.00034 0.11778 0.11910
Outlying 0.2245 0.00032  0.22385 0.22513
Trendy 0.1053 0.00024 0.10484 0.10578
Trailblazing 0.2021 0.00037 0.20135 0.20279
all 0.1630 0.00017 0.16264 0.16331

Table A.23: Disruption rates by novelty type (full sample).

Tables A.24 and A.25 test the robustness of this finding by examining disruption rates exclu-

sively within the subsamples of highly cited papers. Across all specifications, papers with high

spatial novelty maintain a significantly higher disruption rate, confirming that this relationship is

not confounded by a paper’s overall level of attention.



Neighborhood Archetype Disruption Rate SE 95% CI lower 95% CI upper
Consolidating 0.1038 0.00065 0.10254 0.10507
Outlying 0.2012 0.00073  0.19974 0.20259
Trendy 0.1062 0.00051 0.10519 0.10719
Trailblazing 0.1694 0.00052 0.16839 0.17045
all 0.1451 0.00029 0.14453 0.14569

Table A.24: Disruption rates by novelty type (top 25% cited paper only).

Neighborhood Archetype Disruption Rate SE 95% CI lower 95% CI upper
Consolidating 0.1327 0.00136  0.13000 0.13533
Outlying 0.2271 0.00122 0.22467 0.22947
Trendy 0.1219 0.00071 0.12054 0.12334
Trailblazing 0.1819 0.00082 0.18028 0.18349
all 0.1638 0.00048 0.16291 0.16478

Table A.25: Disruption rates by novelty type (top 10% cited paper only).
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A.5.4 Robustness of the Advantage of Trailblazing Archetype

This section provides robustness checks for the advantage of papers in Trailblazing neighborhoods
in achieving dual impact. Table A.26 provides the detailed statistics for the main analysis (top 25%
cited + disruptive). Table A.27 demonstrates that the synergistic advantage of papers in Trailblaz-
ing neighborhoods persists when using a stricter high-citation threshold (top 10%). In both cases,
papers in Trailblazing neighborhoods are significantly more likely than any other archetype to be

both highly cited and disruptive.

Neighborhood Archetype Dual Impact Rate SE 95% CI Lower 95% CI Upper
Consolidating 0.0188 0.00012 0.01854 0.01900
Outlying 0.0396 0.00016 0.03932 0.03995
Trendy 0.0309 0.00015 0.03064 0.03123
Trailblazing 0.0550 0.00017 0.05466 0.05534
all 0.0359 0.00007 0.03580 0.03609

Table A.26: Probability of being both highly cited (top 25%) and disruptive.

We then consider papers that are both top 10% high-cited and disruptive and show the result

in in Table A.25. We can find that papers in Trailblazing neighborhoods still have advantage over

other types.
Neighborhood Archetype Dual Impact Rate SE 95% CI Lower 95% CI Upper
Consolidating 0.0086 0.00009 0.00839 0.00874
Outlying 0.0167 0.00009 0.01652 0.01688
Trendy 0.0144 0.00009 0.01419 0.01453
Trailblazing 0.0245 0.00012 0.02423 0.02469
all 0.0159 0.00005 0.01585 0.01603

Table A.27: Probability of being both highly cited (top 10%) and disruptive.



A.5.5 Robustness to Alternative Novelty Threshold
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To ensure our findings are not sensitive to the median split used to define the novelty archetypes,

we replicate the analysis using a more restrictive 75th percentile threshold. As shown in Table

A.28, papers in Trailblazing neighborhoods becomes considerably rarer (4.0% of the sample),

underscoring the difficulty of simultaneously achieving high levels on both novelty dimensions.

Despite this shift in distribution, the qualitative results remain unchanged. Tables A.29 and A.30

show that temporal novelty remains the primary predictor of high citations, while spatial novelty

remains the primary predictor of disruption.

High Temporal Trendy

(N=11086, Percent=21.0%)

Trailblazing
(N=2106, Percent=4.0%)

Low Temporal Consolidating

(N=28488, Percent=54.0%)

Outlying

(N=11086, Percent=21.0%)

Low Spatial

High Spatial

Table A.28: Distribution of papers across the four quadrants, setting high as 75-th percentile.

Neighborhood Archetype High-Cite Rate SE 95% CI lower 95% CI upper
Consolidating 0.2136 0.00018 0.21322 0.21395
Outlying 0.2188 0.00038 0.21809 0.21957
Trendy 0.3401 0.00039 0.33932 0.34085
Trailblazing 0.3756 0.00097 0.37365 0.37746
all 0.2477 0.00001 0.24771 0.24775

Table A.29: High-Citation rates (Top 25%) using 75th percentile threshold.

We also check the disruptive rate using this typology, and show the result in Table A.30. We

can see that types with high spatial novelty (in Outlying or Trailblazing neighborhoods) have much

higher high-cited rate compared to types with low spatial novelty.



Neighborhood Archetype Disruption Rate SE 95% CI lower 95% CI upper
Consolidating 0.1442 0.00024 0.14370 0.14463
Outlying 0.2508 0.00040 0.25004 0.25161
Trendy 0.1150 0.00031 0.11441 0.11561
Trailblazing 0.2075 0.00091 0.20576 0.20933
all 0.1630 0.00017 0.16264 0.16331

Table A.30: Disruption rate using 75th percentile threshold (full sample).
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A.5.6 Field-Level Analysis

To ensure our findings are not driven by compositional effects across disciplines, we replicate
the analysis by constructing the novelty scores and examining impact rates within each subfield.
Tables A.31 and A.32 present the results. Despite variation in the magnitude of effects, the core
qualitative patterns hold across nearly all subfields: papers high in temporal novelty (in Trendy
or Trailblazing neighborhoods) consistently have higher citation rates, while papers high in spatial
novelty (in Outlying or Trailblazing neighborhoods) consistently have higher disruption rates. This

confirms that our framework captures general pathways to scientific influence.
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field Consolidating Outlying Trendy  Trailblazing
macroeconomics 0.196 0.194 0.291 0.322
(0.0012) (0.0009)  (0.0009) (0.0013)
international 0.149 0.175 0.324 0.343
(0.0012) (0.0010)  (0.0013) (0.0014)
financial 0.179 0.195 0.317 0.293
(0.0013) (0.0011)  (0.0010) (0.0016)
economic history 0.178 0.184 0.319 0.273
(0.0029) (0.0018) (0.0017) (0.0032)
microeconomics theory 0.186 0.227 0.238 0.362
(0.0009) (0.0007)  (0.0007) (0.0011)
industrial organization 0.162 0.227 0.248 0.361
(0.0012) (0.0011) (0.0010) (0.0014)
econometrics & quantitative  0.160 0.197 0.286 0.361
(0.0011) (0.0008) (0.0007) (0.0012)
public 0.187 0.196 0.278 0.339
(0.0012) (0.0010) (0.0010) (0.0015)
health 0.218 0.161 0.319 0.289
(0.0019) (0.0016) (0.0016) (0.0019)
development 0.212 0.175 0.312 0.291
(0.0015) (0.0013) (0.0014) (0.0016)
labor 0.183 0.177 0.308 0.333
(0.0011) (0.0008) (0.0010) (0.0013)
agricultural 0.191 0.169 0.322 0.283
(0.0027) (0.0019)  (0.0021) (0.0035)
urban & regional 0.233 0.152 0.312 0.275
(0.0027) (0.0022)  (0.0026) (0.0029)
environmental & resource 0.163 0.208 0.283 0.327
(0.0020) (0.0019)  (0.0018) (0.0023)
behavioral 0.185 0.222 0.272 0.309
(0.0014) (0.0013) (0.0015) (0.0020)
other 0.136 0.186 0.323 0.328
(0.0024) (0.0020)  (0.0025) (0.0027)

Table A.31: High-citation rates (top 25%) by novelty archetype, by subfield. Table entries report the mean high-
citation rate with bootstrapped standard errors in parentheses. Novelty archetypes are defined within each subfield.
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field Consolidating Outlying Trendy  Trailblazing
macroeconomics 0.104 0.192 0.081 0.158
(0.0010) (0.0010)  (0.0006) (0.0013)
international 0.137 0.239 0.109 0.196
(0.0011) (0.0012)  (0.0009) (0.0013)
financial 0.073 0.165 0.075 0.121
(0.0010) (0.0011)  (0.0008) (0.0013)
economic history 0.181 0.231 0.210 0.139
(0.0032) (0.0023)  (0.0023) (0.0031)
microeconomics theory 0.052 0.135 0.055 0.105
(0.0006) (0.0007)  (0.0004) (0.0008)
industrial organization 0.100 0.203 0.139 0.219
(0.0009) (0.0015) (0.0011) (0.0013)
econometrics & quantitative 0.105 0.186 0.068 0.158
(0.0009) (0.0009)  (0.0006) (0.0011)
public 0.151 0.244 0.127 0.270
(0.0011) (0.0014)  (0.0009) (0.0015)
health 0.162 0.336 0.151 0.268
(0.0018) (0.0024) (0.0015) (0.0020)
development 0.253 0.376 0.262 0.332
(0.0019) (0.0019)  (0.0020) (0.0029)
labor 0.144 0.257 0.198 0.234
(0.0010) (0.0011) (0.0011) (0.0014)
agricultural 0.353 0.308 0.379 0.367
(0.0033) (0.0028) (0.0033) (0.0041)
urban & regional 0.200 0.269 0.107 0.203
(0.0028) (0.0030) (0.0019) (0.0028)
environmental & resource 0.159 0.282 0.221 0.346
(0.0019) (0.0021)  (0.0021) (0.0029)
behavioral 0.049 0.143 0.058 0.104
(0.0009) (0.0013)  (0.0009) (0.0013)
other 0.313 0.269 0.163 0.288
(0.0029) (0.0025) (0.0022) (0.0024)

Table A.32: Disruption rates by novelty archetype, by subfield. Table entries report the mean disruption rate with
bootstrapped standard errors in parentheses. Novelty archetypes are defined within each subfield.
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A.6 Prompts

Listing A.1: Prompt for comprehensive summary.

won

Generate an in-depth 1000-2000 word structured summary of this economics research paper that simultaneously reconstructs its
content and provides critical analysis. Adhere to these specifications:

### 1. Extended Structural Reconstruction (800-1200 words)

For each section, include:

#### Introduction

- Research context & motivations (2-3 paragraphs

— Explicitly stated hypotheses/research questions

- Literature review synthesis: Map key citations to research gaps

#### Theoretical Framework

- Foundational Theories: Outline the core economic theories and models that underpin the research.

- Assumptions and Constructs: Detail the theoretical assumptions made and define key constructs.

— Conceptual Integration: Explain how these theories inform the research questions, methodology, and analysis.

- Critical Perspective: Evaluate the strengths and limitations of the theoretical approach in addressing the identified research
gaps.

#### Methodology

— Data sources: Providers, timeframes, inclusion/exclusion criteria

- Analytical framework: Equations/diagrams with plain-English explanations

— Technical procedures: Step-by-step workflow

#444 Experiments/Analysis

- Implementation chronology

- Control variables/benchmarks

- Sensitivity testing documentation

#### Results

- Primary/secondary findings with statistical significance

- Non-obvious patterns in data

— Failed hypotheses (if any)

#### Discussion

— Mechanisms explaining results

— Comparative analysis with 3-5 key cited works

- Policy recommendations with implementation pathways

### 2. Comprehensive Evaluation (500-800 words
Develop dedicated critique sections:

#### Innovation Audit

- Novelty: Conceptual | Methodological | Empirical
- Patentable prior art comparison

— Disruptiveness score (1-5) with rationale
#### Methodological Rigor

— STROBE/RDD checklist compliance

- Data limitations

— Counterfactual analysis completeness

#### Communication Effectiveness

- Readability metrics: Flesch-Kincaid grade level | Jargon density



- Argumentation coherence mapping

- Visual aid effectiveness assessment
#### Scalability Potential

— Replication constraints analysis

- Generalizability (Contexts/Data/Methods)

- Cost-benefit simulation

### 3. Enhancement Protocol (200-300 words)
Provide actionable improvements for:

- Theory-building extensions

- Methodological upgrades

— Policy translation frameworks

### Format Requirements:

— Use MLA citation style for all references

Include 4-6 verbatim quotes exemplifying key strengths/weaknesses

Present technical content through Definition Boxes

Highlight critical insights in xxboldx*

Maintain a graduate-level academic tone

Here is the paper:

{Paper_Content}

Listing A.2: Prompt for Paragraph insight.

You are an expert in economics with experience in reading and summarizing academic research papers.

I have a detailed summary of an economics research paper, and I would like you to write a shorter,

retaining all the key information.

*xGoal:xx

Write a summary of several paragraphs that clearly conveys the main contributions,

The summary should be clear and informative enough for a researcher to understand the core of the paper without reading it.

«xInstructions:xx

— Keep the summary concise but comprehensive.

— Clearly explain the research question, methodology, data, and findings.

— Highlight the paper’s main contributions and innovations.
— Avoid unnecessary details or lengthy explanations.

- Maintain a formal and academic tone.

Here is the detailed summary of the paper:

{paper_content}

Please write the shorter summary below:

won

Deliver output as a hybrid document integrating summary and peer-review elements

more concise summary while

and findings of the paper.
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Listing A.3: Prompt for Topic insight.

Please extract the research topic of the given text in one sentence strictly following this format:
"The economic subfield is [subfield name], the main research subject is [subject], it focuses on [specific issue], and it uses [
approach]."

Your response should be at most 40 words.

Here is the input text:

{paper_content}

Please write the response below:

won

Listing A.4: Prompt for Question-Conclusion insight.

won

Please summarize the research question and conclusions of the given text according to the following structure (<100 words):

1. Core Research Question: [What the paper seeks to answer, framed as a clear question]
2. Approach and Hypothesis: [For empirical studies, describe the hypothesis; for theoretical papers, state the key assumption]
3. Key Findings: [Discoveries, including a comparison with expectations or existing literature]

4. Novelty and Implications: [What makes this conclusion different or impactful]

Here is the input text:

{paper_content}

Please write the summary below:

Listing A.5: Prompt for Methodology insight.

won

Please summarize the methodology of the given text in a structured format (<80 words):

Data Source: [Dataset name, time span, sample size]

Core Model: [Mathematical expression, e.g., Y = BX + €]

Analytical Techniques: [e.g., IV estimation, text mining process]

Assumptions: [Key economic assumptions, if applicable]

Methodological Innovation: [How this method improves upon or differs from existing methods]

Here is the input text:

{paper_content}

Please write the summary below:

wow



197

Listing A.6: Prompt for Theory insight.

Please summarize the theoretical contributions of the given text according to the following structure (<100 words):

1. Fundamental Theory: [The main theoretical framework it builds upon]

2. Extensions: [Modified assumptions, newly introduced mechanisms]

3. Theoretical Advances: [Innovations in key formulas or theorem proofs]

4. Scope of Explanation: [Extensions of the new theory to applicable scenarios]

5. Empirical Relevance: [How the theoretical insights connect with empirical findings, if applicable]

Here is the input text:

{paper_content}

Please write the summary below:
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APPENDIX B
APPENDIX FOR CHAPTER 3

B.1 Additional empirical results

B.1.1 Additional Models and Algorithms

We now augment Table 3.1 to report the performance of alternative models and algorithms.

A more flexible interpretation of the standard game-theoretic model is that it partitions positions
into three strategically identical classes of positions (depending on their tablebase value), but does
not necessarily pin down the prediction at these classes to be the tablebase value. This model can

be written as the class of functions

ZQW ifUiTB =1
fowapasPi) =19 gp  ifoTB =1/2
gp  ifoTP =0

indexed to free parameters (g, 9p,9s) € [0,1]>, which we estimate on the training data. We
report the fivefold cross-validated mean-squared error of this rule.

We additionally consider a variant of our machine learning algorithm, which is restricted to use
only features that do not have knowledge of the tablebase value of the position. The performance
of this algorithm tells us how informative the non-tablebase statistics of the position are. (Since
tablebase is a highly complex function of the position, we do not expect that our hand-coded
features can reproduce it, and do not find that they do.)

Table B.1 reports the cross-validated mean-squared errors of each of these approaches. We find



199

that Flexible Tablebase improves substantially on Tablebase, but does not attain the performance
of our original ML algorithm. If however we remove tablebase as a feature, the performance of
the ML algorithm falls below the performance of Tablebase, again suggesting that tablebase is a

highly predictive single statistic of the position.

Error Comp
Perfect Prediction 0 1
ML Algorithm 0.0035 93%
(1.1 x 1079)
Flexible Tablebase 0.0079 84%
(2.3 x 1079)
Tablebase 0.0138 72%
(3.3 x 1079)
ML Algorithm without Tablebase 0.0152 69%
(5.0 x 1079)
Worst-Case Benchmark 0.0494 0
(12.2 x 1079)

Table B.1: Performance of the different prediction methods.

B.1.2 Alternative Best Case Benchmark

In Tables 3.1 and B.1, we use perfect prediction as the best case benchmark against which to evalu-
ate the performance of Tablebase. We now replace this idealized benchmark with the performance
of a closely related algorithm. For each position p;, we split the observations for that position into
five equally sized sets of games. In each round of cross-validation, select one of the subsets to use
as a test set, and pool the remaining observations to form a training set. The prediction for p; in
the test set is the average game outcome for this position in the training data.! Given a sufficiently

large number of observations per position, this rule learns the mean outcome for each position, and

I'The cross-validation we use to evaluate this rules is different from the cross-validation that we use to evaluate the
others.
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thus minimizes mean-squared error among all prediction rules based on the position alone. The
performance of this rule turns out to be sufficiently close to perfect prediction that the reported
completeness of the methods would not change substantially had we used this rule instead. Below

we reproduced Table 3.1 with this benchmark instead.

Error Comp
Best-Case Benchmark (Emp) 0.0012 1
(0.1 x 1079)
ML Algorithm 0.0035 95%
(1.1 x 1079)
Tablebase 0.0138 74%
(3.3 x 1079)
Worst-Case Benchmark 0.0494 0
(12.2 x 1079)

Table B.2: Performance of the different prediction methods. We use the empirical prediction as the best-case bench-
mark.

B.1.3 Performance of Tablebase by Rating Group

Table B.3 reproduces Table B.1, reporting results for each rating group introduced in Section 3.2.2.

All of the qualitative findings from Section 3.2.2 hold when we partition the data in this way,
but we can also note new comparative statics. The performance of the ML algorithm (with table-
base) is similar across rating groups, suggesting that the predictability of play is comparable. But
interestingly play is predicted by different features. The completeness of Tablebase and Flexi-
ble Tablebase increase substantially as players become more highly-rated, reflecting that tablebase
value is a better prediction of play between higher-rated players. Interestingly, ML without Table-
base outperforms both Tablebase and also Flexible Tablebase for the low-rated group, suggesting

that other (more apparent) features of the position are more predictive of play than tablebase. These
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Low-rated Medium-rated High-rated
Error Comp Error Comp Error Comp
Best-Case Benchmark 0 1 0 1 0 1
ML 0.0040 93% 0.0.0038 91% 0.0030 95%
(3.6 x 107°) (2.2 x 107°) (1.9 x 107)
ML without Tablebase 0.0088 84% 0.0134 70% 0.0195 66%
(8.0 x 107°) (7.7 x 107°) (9.7 x 107°)
Flexible Tablebase 0.0113 79% 0.0090 80% 0.0076 87%
(7.7 x 107°) (4.4 x 107°) (3.9 x 107°)
Tablebase 0.0347 36% 0.0163 64% 0.0101 83%
(22.1 x 107°) (6.9 x 107°) (4.8 x 107°)
MA (Worst Case Benchmark) 0.0543 0 0.0449 0 0.0580 0
(35.1 x 107°) (19.4 x 107°) (21.9 x 1079)

Table B.3: Performance of the different prediction methods, in different rating groups.

findings are consistent with lower-rated players being more ignorant about the tablebase value of

a position, in which case their choices can’t correlate too strongly with this statistic.

B.2 Proofs for Results in Main Text

B.2.1 Proof of Proposition 1

Fix a Markov strategy profile. The payoff-relevant state is x; (we will drop time subscripts). Under
this strategy profile, there is a value v, and v, to the moving player of starting from each state.
In each position x € {c, s}, given insight I’, in the complex position, the expected value of
playing action my is
adt(1—wv,) if my=0C

a(l—wvy) it m=>5

In both states, the cutoff rule takes the form: play C'if

11— s
I'>pi=-—" (B.1)
1—w,
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and play L if I, < p, with ties broken arbitrarily. The fact that best responses are as claimed
follows from these observations.
B.2.2 Proof of Proposition 2

Fix any Markov-perfect equilibrium. Now we write down recursive equations for value using the

definitions in 3.3.2.3 above:

UC:gC<1_UC)+aC<1 _pC> (1_1)5) (B'z)

Vs = gs (1 —ve) +as (1 —ps) (1 — ). (B.3)

Solving (B.2) and (B.3) and plugging into (B.1) yields an equation for the cutoff specified in B.1

1_1)5 1_gs+gc
_ _ . B4
p I1—v. 14+as(l—ps)—a(l—p) (B.4)

Notice that the right-hand side is R(p) defined in 3.1. What we have said implies that this is a

necessary condition for an equilibrium.

Lemma 1. All solutions to (3.1) are interior. For generic (a, o), there is at least one p satisfying

p=TR(p)and R (p) < 1.

Proof. Note that

R(0) = 1 — a,E[L,] + aE[I;] > 0

while R(1) < 1. Since I, and [, have differentiable densities, R is continuous, so by the interme-
diate value theorem it crosses the 45-degree line.
Let E be the set of points p where R(p) = p. By our assumption that the densities are differen-

tiable, R is differentiable everywhere. For generic («, o), the set E is of dimension zero and none
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of the solutions of R(p) = p involve a tangency between R(p) and the 45-degree line. Consider
such an (v, ag) pair. It is clear that R'(p) < 1 at some p € E, otherwise R could not cross the

45-degree line. But no tangencies implies that R'(p) < 1. O

Given such a fixed point, we must show that it corresponds to an equilibrium. Given a cutoff p
satisfying R(p) = p, set v. and vy as follows, with all the endogenous variables on the right-hand

side being functions of the cutoff p:

29c — Psge + Qe — Pelle — JsQic + PefsQic
=2+ s — 29c + Pse + gse — Degsic
L —ps + gs + ge — Psge — 9sQe + PegsQic
=24 Py — 200 + Psfe + s — Pefse

Ve = —

Vg =

It can be directly verified that these solve (B.2), (B.3), and (B.4), so they are “physically consistent”
values and playing according to the threshold strategy is a best response. This completes the proof

of the proposition.

B.2.3 Proof of Proposition 4

The claims in the first paragraph follow from the implicit function theorem.

Let z parameterize a perturbation. First consider a perturbation that increases a. Let p(z) be a
solution to p = R.(p), defined locally round the starting z. At a stable equilibrium, where R..(p)
crosses the 45-degree line from above, - p(z) < 0 is equivalent to 2R (p) < 0.

To facilitate writing the derivative, define A, = fpl rdF,(r), where x € {s, c}.

Then we have

0 . _(1—pc)(1+gc)+As(1_ac(1_pc))
92 R=(p) = (as(1 = ps) — ac(l —p) +1)?
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Since this is always negative, we conclude that d%is p < 0. Let By denote the numerator of the
expression above, By = (1 — p.)(1 + ¢.) + As(1 — ae(1 — p,)).
The reasoning is analogous for a perturbation that increases .. In that case we compute

0 _ (1_pc) 1_98)+Ac<1+&s(1_p5))
5.0 = T ) — el —p) T 1

Note this derivative is always positive. Let B, denote the numerator, B. = (1 — p.)(1 — g5) +
A1+ as(1 = py)).

Now consider a perturbation that brings about a small increase .. in the accuracy of play in
complex positions, and a small increase «; in the accuracy of play in simple positions. For a

decrease in the threshold (cancelling common factors that do not affect the sign) it must be that

asBs > a.B..

Defining v = B./Bs, this gives the condition (3.2). Note that for p ~ 1, both values A, are

approximately 0, as are the values g, and p,. Then v ~ 1.
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B.3 Feature List

Below we use “tb value” as shorthand for the tablebase value. We also use “difficulty” to mean the

fraction of feasible moves that maintain the tablebase value.

Table B.4: Tablebase related features.

No. Description

1 the number of moves that maintain the tb value

2 the number of moves that change the tb value

3 the fraction of moves that maintain the tb value

4 the difficulty of the next position, averaged across all feasible moves of the

player-to-move

5 the difficulty of the next position, averaged across all moves of the player-
to-move that maintain the tb value

6 the max difficulty of the next position, among all feasible moves of the
player

7 the max difficulty of the next position, averaged across all moves of the
player-to-move that maintain the tb value

8 the average number of feasible moves for opponent, after the player play-
ing a move that maximizes the difficulty of the next position

9 the material value of the winning player

10 depth to mate

11  tablebase value

12-14stockfish evaluation of depth 10/16/20

15-17stockfish win/draw/loss of depth 10/16/20
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18-20stockfish evaluating time of depth 10/16/20

Additionally, for each of features 1-8, we include interaction effects with whether the player to

move is White or Black.



Table B.5: Non-tablebase related features.

No. Description

1 the player to move (White or Black)

2 the number of feasible moves

3 the maximum number of feasible moves in the next position, averaged
across all feasible moves in the current position

4 the minimum number of feasible moves in the next position, averaged
across all feasible moves in the current position

5 the number of moves that lead to a check

6 the material value for White

7 the material value for Black

8 the absolute difference of the material values for White and Black

9 the number of pieces that White has which Black does not (with each piece
treated distinctly)

10  the number of pieces that Black has which White does not (with each piece
treated distinctly)

11 the sum of the two previous features

12 the total point value of pieces that White has which Black does not

13 the total point value of pieces that Black has which White does not

14 the sum of the two previous features

15  1(only pieces remaining are kings and pawns)

16  the number of moves in the shortest path to promotion of a pawn for the

player to move (set to a large number if every pawn is blocked on its file)

207
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18
19
20
21
22
23

24

the number of moves in the shortest path to promotion of a pawn for the
opponent (set to a large number if every pawn is blocked on its file)

the absolute difference of the two previous features

the area of the smallest rectangle enclosing all pieces

1(the player to move is in check)

1(the player to move is in check and is White)

1(the player to move is in check and is Black)

L(there is a feasible move leading to stalemate)

the number of unique pieces that can move
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B.4 Detailed Results underlying Structural Estimates

209

In this section we provide intermediate results in our structural estimation. Table B.6 reports the

structurally estimated numbers underlying Figure 3.6.

T

(s, {5,C})

(e, {5, C})

Low-rated
0.028
(0.00088)
0.0316
(0.00079)

Medium-rated
0.0109
(0.00033)
0.0162
(0.00040)

High-rated
0.0081
(0.00021)
0.0102
(0.00024)

Table B.6: The estimated insight discount b for each rating group following the position states where players have a
choice. Bootstrapped standard errors are presented in parentheses following each estimate.

We now present the empirical estimates of the inputs used to produce these estimates, following

the discussion in Section 3.4.2.



B.4.1 Blunder rates

210

Table B.7 reports the empirical estimates b of the blunder vector in each rating group. These are

computed simply as the empirical rate of transition from the indicated position state to a lower

tablebase value for the moving player.

Low-rated | Medium-rated | High-rated

(s,{S}) 0.0511 0.0495 0.0256
(0.0005) (0.0002) (0.0001)

(s,{C}) 0.0475 0.0472 0.0542
(0.0038) (0.0015) (0.0012)

(s,{5,C}) 0.006 0.0106 0.0095
(0.0003) (0.0002) (0.0001)

(¢,{S}) 0.1306 0.057 0.0361
(0.0036) (0.0007) (0.0007)

(¢, {C}) 0.081 0.0762 0.0439
(0.0009) (0.0003) (0.0002)

(¢, {S,C}) | 0.0323 0.022 0.0128
(0.0016) (0.0006) (0.0003)

Table B.7: The estimated blunder vector b with bootstraped standard errors.
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B.4.2 Transition matrices

Table B.8 reports the empirical estimates T of the transition matrix among position states in each
rating group. These are computed simply as the empirical rate of transition from the indicated
position state to each other one. Note that we do not condition on the moving player not blundering
in computing these estimates. Thus, the sum of each row is one minus the blunder probability from

that state.

B.4.3 Equilibrium values of position states

Equipped with the estimates above, we can compute the values of the position states for the moving

player.



(5.{5})
(5,{C})
(5,{5,C})
(C,{5})
(C{CY)
(€. {S5.C})

(5,{5})
(5,{C})
(5,{5,C})
(@5}
(C{CY)

(C.{5,C})

(5. {5}
(5,{C})
(5,15,C})
(€. {S})
(C{CY)
(€. {5,C})

(5,{5})
0.8468
(0.0009)
0.0
(0.0)
0.294
(0.0033)
0.3739
(0.009)
0.0
(0.0)
0.4101
(0.0082)

(5,{5})
0.8291
(0.0004)
0.0
(0.0
0.3073
(0.0013)
0.6816
(0.0026)
0.0
(0.0
0.6281
(0.0038)

(S,{s})
0.8699
(0.0002)
0.0
(0.0)
0.252
(0.0007)
0.6303
(0.0018)
0.0
(0.0)
0.4849
(0.0026)

(5.{C})
0.0
(0.0001)
0.0
(0.0)
0.0
(0.0)
0.0
(0.0)
0.0
(0.0)
0.0146
(0.0013)

(S,{C})
0.0065
(0.0001)
0.0
(0.0)
0.0092
(0.0003)
0.0091
(0.0006)
0.0
(0.0)
0.007
(0.0013)

(5.{C})
0.0055
(0.0001)
0.0
(0.0)
0.0104
(0.0002)
0.0227
(0.0008)
0.0
(0.0)
0.0474
(0.0012)

(5,{5,C1})
0.1021
(0.0008)
0.0
(0.0)
0.053
(0.0015)
0.4955
(0.0084)
0.0
(0.0)
0.2193
(0.0069)

(a) Low-rated
(5,{5.C})
0.115
(0.0004)
0.0
0.0)
0.0504
(0.0005)
0.2523
(0.0025)
0.0
0.0)
0.1921
(0.0025)

(b) Medium-rated
(5,{5.C})
0.099
(0.0002)
0.0
(0.0)
0.0683
(0.0003)
0.3109
(0.0018)
0.0
0.0)
0.1539
(0.0015)

(c) High-rated

(C.{S})
0.0
(0.0)
0.1145
(0.0138)
0.0954
(0.0026)
0.0
(0.0)
0.0357
(0.0006)
0.005
(0.0005)

(C.{S})
0.0
(0.0)
0.472
(0.0044)
0.205
(0.0011)
0.0
(0.0)
0.0272
(0.0002)
0.0194
(0.0014)

(C.{s})
0.0
(0.0)
0.3816
(0.0029)
0.1728
(0.0006)
0.0
(0.0)
0.0293
(0.0002)
0.0718
(0.0013)

(€.{C})
0.0
(0.0)
0.8368
(0.0149)
0.4153
(0.0036)
0.0
(0.0)
0.8516
(0.0013)
0.3044
(0.0085)

(C.{C})
0.0
(0.0)
0.3854
(0.0037)
0.2816
(0.0011)
0.0
(0.0)
0.8717
(0.0005)
0.1078
(0.0023)

(€.{C})
0.0
(0.0)
0.3042
(0.0029)
0.3357
(0.0008)
0.0
(0.0
0.9052
(0.0004)
0.1968
(0.0021)
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(€. {5,C})
0.0
(0.0)
0.0012
(0.0033)
0.1365
(0.0022)
0.0
(0.0)
0.0317
(0.0007)
0.0143
(0.0019)

(C.{S,C})
0.0
(0.0)
0.0955
(0.0038)
0.1359
(0.0008)
0.0
(0.0)
0.0249
(0.0002)
0.0237
(0.0013)

(C.{5,C})
0.0
(0.0)
0.2601
(0.0025)
0.1512
(0.0006)
0.0
(0.0)
0.0216
(0.0002)
0.0323
(0.0012)

Table B.8: The estimated transition matrices T' with bootstraped standard errors.



Low-rated | Medium-rated | High-rated
(s,{S}) 0.4853 0.4859 0.493
(0.0001) (0.0000) (0.0000)
(s,{C}) 0.5012 0.4942 0.4816
(0.0021) (0.0008) (0.0006)
(s,{S,C}) | 0.5164 0.5088 0.5031
(0.0003) (0.0001) (0.0001)
(c¢,{S}) 0.4321 0.4789 0.4858
(0.0019) (0.0004) (0.0004)
(¢, {C}) 0.4796 0.48 0.4887
(0.0003) (0.0001) (0.0001)
(¢, {S,C}) 0.493 0.4988 0.5006
(0.0009) (0.0003 ) (0.0002)

Table B.9: Estimated equilibrium value vector © with bootstraped standard errors in parentheses.
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APPENDIX C
APPENDIX FOR CHAPTER 4

C.1 Proofs

C.1.1 Notation

Throughout let A" = {1, ..., n}. The set T,.,, consists of all vectors of length r with distinct values

in V. For any (di,...,dry1) € Trg1ns1, let f(dv, ... drs1) = €y,..a,).4,,, denote the transfer

.....

error from training samples Sy, , . .., Sy, to test sample Sy, , ;.

C.1.2 Proofs of Proposition 6 and Proposition 7

These are special cases of Theorem 1 with I' = 1. To avoid repetition, we will only prove Theorem
1.

C.1.3 Proof of Theorem 1 and Corollary 1

We start by proving a simple lemma.

Lemma 2. Let H = (1 — ) F' + nG be a mixture of two distributions F and G. Further let Z be

a draw from H and Z a draw from F. Then, forany 0 < 1 < 15 < 1,

(1= —n) <P (Zy €1Q, (F),Qu(F)]) < (1= mP (Zr € [Q, (F),Q,,(F)]) + 7

—T1 —T1

Proof. Let Z be a draw from G, and let W be a binary random variable, independent of Zx and
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Zg, with E[W] = 7. Then Zy L1 (1-W)Zp+ WZ; and

P (Zn €(Q, (F),Q,,(F))

= (=P (2r €1Q, (F),Q,()]) +7P (2o €[, (F).Q,(F)))
€ (1-mP (2 € (Q,, (F).Qn(F)]) + [0,7].

By definition of upper and lower quantiles, [P (Z F € [Qﬁ (F),Q., (F)]) > 79 —71. The result then

follows. [l
Proof of Theorem 1. Throughout the proof we condition on the unordered samples {51, ..., Sni1}
and denote by {S(1), ..., Sm+1)} any typical realization. Let F denote the sigma-field generated
by the unordered set {S(1), . .., Sm+1)}. Under the assumed data-generating process,
d w w w
edr,d)nt1 | F = (@ (dr), ..., 7 (d,), 7 (n+1)), V(di,...,d;) €T,,.

where 7" is a random permutation on {1, ...,n + 1} distributed according to

1 w(Srnm

P(r" =7) = — “’(nﬂ( +) (C.1)

3 w(S)

On the other hand, T < (w™(1),...,7"(r)) where #" denotes a uniform random permutation on

{1,...,n},s0erns1 | F < f(@w¥om™(1),...,w”om™(r),#"(n+ 1)). By (C.1), we have

ermit | F 2 f(w(1),..., "), 7% (n +1)). (C.2)
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For any (dy,...,d., k) € Tyi1 41, let

Ll (r), m(n+ 1)) = (dq, ..

Thus,
erni1 | F ~ > Wi Of(dy ey ) (C.3)
(d1yeesdr k) ETr 41,041
Because P(Z < Q.(F)) >,
P|ern <Q- Z Wi Oprdo) | | F | 2T (C4)
(d1yeesdr k) ETr 1, n41
Let
Qpir = Z w;. (C.5)
(dl ..... dr,k)ETr+1,n+1\Tr+1,n

By definition, the element n + 1 must belong to every tuple (dj,

covdisk) € Toprper \ Tyotn.
Thus, W, shows up |T,41 541 \ Tri1,4|/(r + 1) times in the sum (C.5). By symmetry, each of

the other Wy.’s shows up |T;41n11 \ Tri1.n|7/(r + 1)n times. Since

B ~_ (n+1)! B
|Tr+l,n+1 \ TT+1,n| - |Tr+1,n+1| - |TT+1,n| - ( — 7“)! - (n oy 1)! - (T + 1)

we obtain that

! — DI
Qn+1 — n / r(n )

=it T ;Wk
r (n—1)! , r on—r w(Sn)
n (n—r— 1)!W"+1 n no S G(S)) 6)
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where the second to last equality uses 771 W} = (=1 By (C.6) and (4.9),

n!

Wi

Wy=——F7"T—.
g 1_Qn+1

Thus, the distribution in (C.3) can be written as the following mixture distribution

Z Wi 0p(dy,ndok) = (1 = Qug1) F3p + Qg1 - G

(dl aaaaa dmk)eTr+l,n+l

where G = Z(dl .... dr,k)eTr+1,n+1\Tr+1,n<W1:J/Q”+1) “0f(dr,....dr k). By Lemma 2 with 7y = 0,75 = 7,

and F' = I}y, we have
P (erpi1 < Q- (F3y) | F) = 7(1 — Q).
Moreover, when f(ds, ..., d,, k) are mutually distinct,
P(Z <Q-(F) <7+ max Wi,

where Z is the draw from the distribution inside (), and

(n —r — 1) maxg<, w(Sk)

(=1 30 w(S))

max W, =
k
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Thus, Lemma 2 implies

P (erni1 < Q-(Fyp) | F)

(n —7r —1)! maxg<, w(Sk)
S(T+ (=1 T w(S)

T PR (n —r — 1) maxg<, w(Sk) B
- (1 (n—1)! EL&%%))“ Tata)

) (1—Qpp1) + Qs

The result then follows by the iterated law of expectation and (C.6), which implies

The two-sided guarantee can be similarly obtained by Lemma 2 with 7y =1 —7and 7 = 7.

To prove Corollary 1, we note that

W(Sn+1) < r . 1
S e(s) S AT RT AT

Thus,

1= Q1 =

n—ry w(Spt1) S nl'?  n-—r
n Z?Llw(sj) ~— n nl'24+1 n4+T2

C.2 Other Transfer Problems

Although we have focused on specifications of transfer error that evaluate how well a model trans-
fers from one domain to another, our results apply for the substantially broader class of random

variables given in 4.2.2. We discuss below other interesting specifications of e 4« and what they
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might measure.

C.2.1 Parameter Transfer

When a model has interpretable parameters, we may be interested in whether the parameter values
estimated on the training data will be a good proxy for the best-fitting parameters in the target

sample.

Example 6 (Effectiveness of a Job Training Program). An economist has estimated the effective-
ness of a job training program using a data set from one location (as in Hotz et al. (2005)). How

similar would the estimate be if the program were implemented at another location?

Example 7 (Loss Aversion). An economist observes on a data set of choice over lotteries that
“losses loom larger than gains,” specifically that the loss aversion parameter in Prospect Theory
has a value larger than 1. If the economist were to elicit choices over a different set of lotteries,

would this qualitative conclusion continue to hold?

Consider any model that can be defined as a set Fo = { fy}gco of prediction rules fy : X — Y,
which depend continuously on a parameter 6 in a compact parameter space ©. Given any training
data St, let 6(St) = arginfyce S deT %e( fo, Sa) be the parameter value that minimizes
a weighted sum of the errors across the samples in the training data, and let fé(sT) denote the
corresponding prediction rule.! To assess parameter variation, first fix a distance metric d(6,6’)
(e.g., Euclidean distance) to assess how different two parameter vectors 6 and ¢’ are. Then the

transfer error

€T nt+l1 = d (é(ST)7 é(Sn+1)>

measures how far the estimated parameters on the training data are from the best-fitting parameters

on the target sample.

f there are ties, break them arbitrarily
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We can also assess how well a qualitative prediction that is based on the estimated parameters
will transfer to the target sample (e.g., a prediction that some coefficient is positive). Let A denote

any event that can be described as a function of the parameter 6. Then

1 if1 (é(ST) e A) ~1 (é(sm) € A)

0 otherwise

€T nt+1 =

is a transfer error which tells us whether the prediction about A based on the training samples also

holds in the target sample.

C.2.2 Other Estimation Procedures

In the examples above, a model is trained on r training samples and used to predict properties of a
target sample. Our results apply also for other training procedures. To avoid introducing extensive

notation, we describe these procedures informally.

Example 8 (Transfer Learning). In transfer learning problems in computer science (see e.g., Pan
and Yang (2010)), some observations from the target sample are available in addition to the training
samples St. The model or algorithm is trained on these observations jointly, with some specifi-
cation of how to weight the target sample observations relative to the other training data. The

performance of a model estimated in this way is another transfer error.

Example 9 (Transfer of Specific Parameters). While some economic parameters are viewed as
constant across domains, other parameters may be viewed as domain-specific. For example, spatial
models of trade often have structural parameters (e.g., the elasticity of demand substitution between
goods produced in different countries) whose values are set using estimates from another paper,
and “fundamentals” (e.g., productivity in each country), which are re-estimated on each sample

(see for example Alfaro-Urena et al., 2023). The performance of a model that is estimated and
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evaluated in this way is a transfer error.

Example 10 (Using Cross-Validation to Tune Parameters). Our framework can also accommodate
training procedures in which cross-validation is used to tune select model parameters. For exam-
ple, black box algorithms often have a complexity parameter (e.g., the penalization parameter in
LASSO or the depth of decision trees in a random forest algorithm). One way of choosing the size
of this parameter is based on out-of-sample fit (Hastie et al., 2009; Chetverikov et al., 2021). In our
setting, this means holding out one of the training samples to use for testing, training the algorithm
on the remaining » — 1 training samples, and evaluating fit on the remaining test sample. The
chosen complexity parameter is the one that yields the lowest average error across the 7 possible
choices of the test sample. Fixing this value for the complexity parameter, the algorithm is then fit
to the entire training data. The performance of such an algorithm on the target sample is a transfer

CITOr.

Example 11 (Counterfactual Predictions). One way that economic models are used is to form
predictions for outcomes under policy changes that have yet to be implemented. For instance,
McFadden (1974) predicted the demand impacts of the then-new BART rapid transit system in the
San Franciso Bay Area, and Pathak and Shi (2013) predicted demand for schools under changes
to the Boston school choice system. One can generalize our framework to cover the case where
each sample S; is instead a pair of two observations, S; = (59, S}). The pre-intervention sam-
ples (SY,...,SY,,) are drawn i.i.d. from one distribution, while the post-intervention samples
(St,..., Sk, ) are drawn i.i.d. from another. In this more general setting, a transfer error is any
function of the training pairs {(S9, S§) }aer, the target pair (S, , S} ), and potentially an inde-

pendent noise variable.?

20ur theoretical results generalize completely for transfer errors defined in this way; the main limitation is the
difficulty of obtaining sufficiently many pre- and post-intervention pairs. We mention this potential application in the
case that such data does eventually become available.
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C.3 Extensions and further results

Our main results focus on forecasting realized transfer errors, which is useful when we want to
know the range of plausible errors in transferring a given model to a new domain. We now com-
plement those results with procedures for inference focused on population quantities: Section C.3.2
provides confidence intervals for quantiles of the transfer error distribution, and Section C.3.3 pro-
vides a confidence interval for the expected transfer error. Since these quantities can be perfectly
recovered given data from an infinite number of domains, we expect the lengths of these inter-
vals to vanish as the number of observed domains grows large, unlike the forecast intervals from

Section 4.3.2.

C.3.1 Preliminary Lemma

We start by establishing a bound that will be useful in the subsequent construction of confidence

intervals. Let

(il,...,ik)GTk’n
be an arbitrary U-statistic of degree k& with a bounded (and potentially asymmetric) kernel ¢ that

takes values in [0, 1].

Definition 10. For every n,k € Z, and x,y € R, define

B, 1(z;y) = min {bi,k(fv; y), b2 (25 ), b3 (; y)}
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where

e = o Lok (s e (229 11—t (1209

l—y
b2 x(w3y) = e P (Binom(|n/k;y) < [[n/k] - 2])

b (2;y) = ex minn—)\ x—#
CA A P Arkany”

Lemma 3. If ¢(Z1,...,Z;) € [0,1] almost surely, then P(U < z) < By, ;(x;E(U)) for every

z € [0,1].

C.3.2 Quantiles of transfer error

Let /" denote the CDF of et ,,41, which we assume is continuous. This section builds a confidence
interval for the $-th quantile of £, denoted gg.
For arbitrary ¢ € R and realized metadata M = {51, ..., S, }, define
(n—r—1)!
e(g;M) = ~—7—— > Ies, ) dris) < @)

n!
(d1yesdrg1)ETrg1,n

where I(-) is the indicator function, recalling that e(q, .. 4,),4,,, denotes the observed transfer error

from samples (Sq,, . .., Sg,) to sample Sy, ,,. This is the fraction of observed transfer errors in the
metadata (from r training samples to one test sample) that are less than g. Then Ug = ¢(gg, M) is

a U-statistic where by definition, E[Us] = . Lemma 3 then implies
P(Us <z) < By rya(z, B) PUs>x)=P(1-Usg<1—2)<B,,1(1—z,1-75). (C7)

Definition 11. For any quantile 3 € (0,1) and confidence level 1 — a € (0,1), let @5 (a) =
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inf{u : By ,41(u; 8) > a} and iy (a) = sup{u : By,41(1 —u;1 — ) > a}. Further define
d5(e) = min {q : p(g, M) > @ (@)} and g§(a) = max {q : p(¢, M) < i (a)}.

Since By, ;11 (u; -) is right-continuous in u, it follows from (C.7) that P(Us < 4} (a)) < a and
P(Us > iz (r)) < o Since ¢(q, M) is monotonically increasing in g, the event {Us < @ (a)} is

equivalent to {gg < ¢5(a)}, while {Us > uj ()} is equivalent to {gs > G5 (a)}. This yields:

Proposition 8. For any quantile 8 € (0, 1) and confidence level 1 — o € (0, 1),

Plgs < ¥(@) > 1 — aand B (g5 € [d(0/2),d4(a/2)]) > 1 —a.

Figure C.1 applies Proposition 8 to construct two-sided 81% confidence interval for the median
raw transfer error, median transfer shortfall, and median transfer deterioration. As in Figure 4.4,
these confidence intervals are substantially wider for the black box algorithms, and have higher

upper bounds.

C.3.3 Expected transfer error

This section constructs confidence intervals for the expected transfer error, i = E(e 1), under
the assumption that transfer errors are uniformly bounded (in which case it is without loss to set

et i1 € [0, 1]). Define the U-statistic

Because E[U] = p, Lemma 3 implies that P(U < z) < B,,,41(z, p) and P(U > z) < By, ,11(1 —

x,1 —p)forall z € R.

Definition 12. For any confidence guarantee 1 — o € (0,1), let o7 (o) = sup{p : By, +1(U; p) >
a}tand i~ (o) =inf{p: By, (1 —U; 1 —p) > al.
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Figure C.1: 81% confidence intervals for the median of (a) raw transfer error, (b) transfer shortfall, and (c) transfer
deterioration.

It follows from (C.7) that P(U < 4% (a)) < awand P(U > 4~ («)) < «, which implies:

Proposition 9. If er 4 € [0, 1] almost surely, then P (1 < it (a)) > 1 — a and

P(pelp(a/2), it (a/2)]) 21 -a.

Figure C.2 applies this result to construct two-sided 81% confidence intervals for the expected
transfer errors we considered in Section 4.5.4. Since transfer shortfall and transfer deteriora-
tion are not bounded, we report instead confidence intervals for the expectation of their inverses

minper el f§ | Sntl e(fs, . 1»Snt1)
< L ) and ——*——-; lower values for these measures correspond to worse trans-
e(fsqp Snt1) e(fsp Snt1)
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fer performance. We again find that the confidence intervals for the black box algorithms are

qualitatively worse than those for the economic models.
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(a) (b)

Figure C.2: 81% confidence intervals for (a) expected inverse transfer shortfall, (b) expected inverse transfer deterio-

ration.

C.3.4 Proof of Lemma 3

Hoeffding (1963) shows that P(U < z) < b, ,(z,E(U)), and Bates et al. (2021) shows that
P(U < z) <02, (z,E(U)). We now show that if = € [0,1] then P(U < x) < b}, (x,E(U)). To
do this, we use a series of intermediate results to extend a result of Bates et al. (2021) on U-statistics
of degree 2 with bounded kernels to U-statistics with bounded kernels for any order £ > 2.
Let Z1,...,Z, be ii.d. random variables and ¢ : R¥ — [0, 1] be a bounded function. Then a
U-statistic of degree £ is defined as
I L > 6(Z..... Zs,), (C.8)

n!
Ulyenslly

where ) i1....q, denotes the sum over all k-tuples in N with mutually distinct elements. The average

of Z; is a special case of (C.8) with k = 1 and ¢(z) = z.
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Let m = |n/k] and " : N’ — N be a uniformly random permutation. For each permutation

7, define
m

> S (Zn-ks1)s - Zuiivy)

=1

Wr =

1
m
Note that the summands in W, are independent given 7. Then U = En[W;n|, where E,» denotes

the expectation with respect to 7v"* when conditioning on Z1, ..., Z,. By Jensen’s inequality, for
any convex function ¢, E[¢)(U)] = E[)(Exn[Wrn])] < E[Eznt)(Waen)] = Egpn [Et)(Wen)]. Since

W has identical distributions for all 7,
E[)(U)] < E[t)(Wia)] (C.9)

where id is the permutation that maps each element to itself.

Recalling that Hoeffding’s inequality is derived from the moment-generating function ¢(z) =
e (Hoeffding, 1963), and the Bentkus inequality is derived from the piecewise linear function
¥(z) = (2 — t)+ (Bentkus, 2004), the following tail inequalities for U-statistics are a direct conse-

quence of (C.9).

Proposition 10. Let U be a U-statistic of order k with a bounded kernel ¢ € [0, 1] in the form of
(C.8) and m = |n/k]. Then

1. (Hoeffding inequality for U-statistics, Section 5 of Hoeffding 1963)
P(U < z) < exp{—mhy (x ANE[U]; E[U])},

where
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2. (Bentkus inequality for U-statistics, modified from Bentkus 2004)

P (U < x) < eP (Bin (m; E[U]) < [mx]).

Other concentration inequalities can be derived from the leave-one-out property. Write U(Z, ..., Z,)
forU andletU; = inf,, U(Z,..., Zi_1, 2, Zit1, - . ., Zn). Note that U; is independent of Z;. Since
#(-) >0,wehave 0 < U — U; < (n—k)! Z?zl Zil ..... iy =i O Ziys - Zik) SO %(U —U;) <1and

n!

Z(U—Ui)QS((n(;—!)@!)Z SN 6% Zy)

where (i) applies the Cauchy-Schwarz inequality and (ii) uses the fact that ¢(-) < 1. If we let
W = (n/k)U and W; = (n/k)U;, then W — W; < 1, >" (W — W;)? < kW. This implies
that IV as a function of 71, ..., Z, satisfies the assumptions for the claim (34) in Theorem 13 of

Maurer (2006) with constant a = k.3

Proposition 11 (Theorem 13, Maurer 2006). Let G(\) = (e¢* — X — 1)/\. Then for any X > 0,

log E[eA(E[W]—W)] < kAG(A)

=Nt k:G()\)E[W]'

3Theorem 13 of Maurer (2006) states a weaker result that log E[e*EWI=W)] < FEIWI\2 " The sronger version
stated here can be found in the second last display in the proof of Theorem 13 of Maurer (2006).
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This further implies that for any x € (0, E[U]),

P(U <) < exp {rgg% (g; - /\++G(/\)E[U]> } |

Putting Proposition 10 and Proposition 11 together yields Lemma 3.

C.4 Supplementary Material to Section 4.4

C.4.1 A more general distribution shift model

In this subsection we discuss a more general distribution shift model that allows S;,...,.5, to
have non-identical distributions. Let p denote the joint density of Sy, ...,.S,.1 (With respect to
a dominating measure). Let 7v” be a random permutation on {1,...,n + 1} such that, for any

realization {s1,..., Su+1} of {S1,..., Snt1},

P(aP(1) = di,..., 7w (n+1) =dpir | {Say, - Sany} = {51, s 8041})

_ p(sd17"‘78dn+1)

Z(dfl &, )€ nt 1 nt1 p(sd’1> cee Sd;LH)

-----

Then,

(Sﬂ'p(l)7 sy Sﬂ'P(n)> | {S(l)a <o 7S(n+1)} = {817 sy Sn—l—l}

LSy, i) | LSy -y Sy} = {51, Smra b

Again let 7 denote the sigma-field generated by the unordered set {S(1), ..., Su41)}-
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Definition 13. For any I > 1, let P(I'; r) be the class of distributions on (S, . .., S,+1) with

(n+1)!

(n—r)!

P(w?(1) =dy,..., 7"(r) =d,, wP(n+1)=k| F) € [[',T] almost surely,

forany (di,...,d. k) € Tpy1.

Above, (n — r)!/(n + 1)! is the probability under a uniform permutation and thus the LHS
can be interpreted as the density ratio between 7r” and a uniform permutation, which measures the
deviation from exchangeability.

By (C.1), when v € W(I'), the joint density p satisfies

(n+1)!
(n—r)!
(n+ 1)w(Sk) - (n+1I  (n+1)r?
Srw(S,) el AT arE

P(wP(1) =dy,...,wP(r) =d,, 7P (n+1) = k)

Thus,

1)I?
pEP(—(Zi_I)Q ;7‘) CP(FQ;’I’).

Next, we derive forecast intervals akin to Corollary 1.

Theorem 2. Suppose the joint distribution of (S1, ..., Sy+1) lies in P(I'; 7). Define

-7 (n+1)—(@r+1)I' (n—r—1)!
. + _
r n—r n!

qr(t) =1~

Then

(ZA14)

~M
P (emns < i) 2 7 (1- 10
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and

, _ (r+1)r
P (ezis € [0y Car(]) = (27 = 1) (1 Contl )

Proof. For notational convenience, for any (dy, ..., d., k) € T\ 11,41, let
Agy.ap e =P(wP(1) =dy,...,wP(r)=d,, w’(n+1) =k | F).

Again, we condition on the unordered samples Sy, ..., S,41 and denote by Sy, ..., S(n41) a typi-

cal realization. By similar arguments used to show (C.3), we have

ernt1 | F ~ Z Adydyk  Of(dyynndr k) (C.10)

(diyeesdr k) ETr 41,041

Thus,

P|erni <O, Z Adydk Of(dr,ar) | | F | =7

(diyeesdr B)ETr 41,41

Let

QR E Ad, .. d i

(d1yeesdr k) E€Tr41,n4+1\Tr41,n

Then we can rewrite the distribution in (C.10) as a mixture distribution

Z Adrrdide  Of(dryndre) = (1 = Qy1) - F+ Qi - G,

(dlv---vdr'yk)eTr+1,n+l

where

Ad dr.k Ad dr.k
F = #.6 G — Lyeeey s .5 .
Z 11— Fdr,...sdr k) Z Qi1 f(diyeeesdr k)

(d1’~~-adT7k)€Tr+l,n (dla~~~7d’r‘7k)€Tr+l,n+1\Tr+l,n



By Lemma 2 with 7y = 0, 75, = 7, we have that

P|er,a<Q- Z % “Ofdy,ndrd) | | F | 271 = Q).
(dyeesdr k) ETr 11 m n+l
By definition,
Adydr ke € EZ;I; . [F’I,F]
Moreover,
O € 00 LT (2, = T = )

Sort the elements in { f(d1,...,d, k) : (d1,...,dr k) € Toi1,} as

f(l) < f f(\TT-H nl)
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(C.11)

(C.12)

(C.13)

where f(;) = f(dgj), o, dY, kU)). Write A ;) for Ad(]) 49 () and N for Ty 10 =nl/(n—r—

.....

1)!. Then

~ Ady ok
Qr Z — T Sy dek) | = f =L

1-Q
(d1 ..... dr,k)ETr+1,n it

where

L, = min Ap>1—-1
{ _Qn—f—l._Z ( }
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By (C.12) and (C.13),

(n—r)! L,+1
DIt T
n—r r L.+1

>1—7

>1—
nt 11— N ’
L, (1-7{(n+1)—(Cr+DI'} 1
= - —
N (n—r)l N
N-L, 1-7 (n+1)—(r+1)T 1
1— : — =
=5 < T p— t5 qr(7)

Thus,

A Ad wonydr ok
Q7 > 5 Opdrende )

1-Q
(e K)ET 4 1.m i

~ (n—r—1)! M
S qu(T) n' Z 5f(d1 ..... dr,k) = eqr(7)7
: (d1 sy k) ETr 1.0

By (C.11) and (C.13),

_ r+1
P(QT’n+1S€}1\1{[(7)|f) ZT(l—Qn+1)ZT<1—n+1P> .

Thus, the result for the one-sided interval is proved.
The result for the two-sided interval can be proved similarly by Lemma 2 with 7y = 1 —7, 75 =

7 and by using the symmetry. 0

C.4.2 Algorithm for evaluating worst-case dominance

We provide an algorithm that computes e, (I") with a single 7 in O(rn"*! logn) time and computes

e-(I) forall 7 € (0,1) in O(rn"*! log n+n""2) time. First, sort the elements in { f(dy, ..., d.41) :
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(dl, . 7dr+1) € Tr+1,n} as

foy < fo <o < fimiin)s

where

f(j) = f(d(j))v d9 = (dgj)a <o 7d1(~]—21) € T?"-i-l,n-

Let /) € {0, 1} with

T/JZQ) =1 (dfﬁl = Z) :

Further define the cumulative sum of /() as

Letw = (w(S1),...,w(S,)) and 1,, = (1,1,...,1)T. By (4.9), for each j,

(n—7r—1)!w"wb)

y > M e > T
fo 2 & (n—1! w1, — 4
Therefore,
Ty (4) — 1)
Mw _ o wt (n—1)!
e, ¥ = fr, whereJ’ = min {j uTLL > T(n_r_ 1

By definition, the set of w generated by all w € W(T') is [['~*, T']". Thus,

Ty (4) - 1)!
_M _ —mi - ; w ¥ (n—1)!
er (F> - fJ,-(F)? where JT(F) - {j ‘ IUE[Igl_lPI]n len N T(n -Tr—= 1)'

} . (C.14)

Via some algebra, we can further simplify the expression of eM(T").
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Theorem 3. Let ‘Ii,(g ) be the average of the k-smallest coordinates of V) and

. \I/(j) i
Q;[I) = L4 min —k " n

n ked{l,...,n} 1+ ﬁ

Then Q;(T) is strictly increasing in both j and T'. Moreover, eX'(T') = f(.(r)), where

J-(I') = >r— Q) > 77— .
(T) mm{]_T(n—r—l)! QJ()_T(n—T—l)!}
Proof. First, we prove that

wT ) wTpl)

(C.15)

min = = min 7 )
we[l-1,r» w'l, we{l-1,r}» w1,

Let g;(w) = wTWO) /wT1,. Then g; is continuous and bounded on the closed set [, I']" and

thus the minimum can be achieved. Let

w(I') = argmin Zmin {lw; = T|, Jw; =T} .

w:g; (w):minwe[l‘*l,r‘]” g;(w) i—1

Suppose there exists i € N such that w(j)(F) € (I"1,T). Then

)

() T T )  qT
\I/ij w; + \If_i w_; _ \I/(j) 4 \Ij—i w_; — \Ijz . lnflw_z-

1

gj(wi; wfi) = )

w; + lf,lw_i w; + 1;{;7110_1-

where \If(_jz) and w_; are the leave-i-th-entry subvectors of W) and w. Clearly, g; 1s a monotone
function of w; for any given w_;. Since w)(T) is a minimizer and wl(j ) () € (714, T), we must

have U9 w_; — 09 .17 w_; = 0. Define @@ (I") with
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Then

g;(@I(T)) = g;(w?(T)) = min_ g;(w),
we[l—1,Tn

while
> min {|@ (1) = T, [@? (1) = 17} < 3 min {ju (1) = T, Jul (1) = 771}
i=1 =1

This contradicts the definition of w@)(T"), so w(T') € {I'~!, T'}", which completes the proof of
(C.15).

For any w € {T""!, T'}" with |{i : w; = T'}| = k, the Fréchet-Hoeffding inequality implies that
I’s are allocated to the k smallest entries of U/). Thus,

wT W) quj(j) + Ffl(lT\If(-j) _ k‘\I/(j))
min — min k n *i k
we{r-1r}» wll, keNU{0} Tk+T-1(n—k)

By definition, 1£\I/Z(j ) = j. Then for each k, the above expression can be simplified as

TR + T (1709 — k) TR 4 T — kD))
Tk +T-1(n— k) T Tk+I'(n—k)
(=T Yk (T - )

A L2 T et Sy

T—T OktTn n  (@T-T Dkt n
i
=t
no 1+ ey

The above expression is j/n for both k¥ = n and & = 0, so we can remove 0 from the minimum,

and thus

Ty (9)
min - = Q,;(I).

wel-1r wll,
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By (C.14),

<L@)=mm{jm%a3276§5}¥m}.

Finally, we can restrict to j > 7n!/(n — r — 1)! because

W
=1L
1+ PSR

. \I/(j) g
Q) =2+ min —E 2 <

n o ke{l,.. n}1+m

S |

]

Since ();(I") is increasing in j, J,(I') can be found via binary search with iteration complex-
ity O(logn™) = O(rlogn). Each iteration costs at most O(n) operations to sort the entries
of W) based on the ordered version of ¥~ since there is only entry updated, and O(n) ad-
ditional operations to compute );(I"). Thus, the overall computational overhead after obtaining
(fays -+ 5 J(T,srnp) s just O(rnlogn), which is much smaller than the cost of sorting f-values
O(n"tlogn™) = O(rn" ' logn).

In some cases, we want to compute M (T) for all 7 € [0, 1] at once. The following result links

eM(T") to an induced distribution on the f’s.

Corollary 2. For any I' > 1, let ur be a weighted measure with

ITrt1,n]
Hr = Z %(QJ(F) = Q1) - 95,

j=1
where Qo(T) = 0. Then eM(T") is the T-th quantile of yr.

Since the ordering takes O(rn logn) time and computing each ();(I") takes O(n) time, the total

computational cost to compute eM(T") for all 7 € [0, 1] is O(rn" Tt logn + n"+2).
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C.4.3 Algorithm for evaluating everywhere dominance

Let f(;),1 and f(; 2 be the j-th largest transfer errors for method 1 and 2, respectively. Similarly, the
count vectors for two methods are denoted by WU):! and W):2, Then method 1 does NOT every-
where dominate method 2 at the 7-th quantile if and only if there exists ji, jo € {1,...,|Tr14]}

and w € [0, 00)" such that

(n—r— D wTpli—H1 (n—r— 1) whw2)?
i1 > <7< . C.16
T = Jame: (n—1)! wTl, = (n—1! w'l, ( )

Above U1 = (0,0,...,0)7.
To avoid pairwise comparisons, which incur O(n?"+1)) computation, we can check (C.16) by

only focusing on j; = m(j), jo = j where

m(j) = min{j": fyn1 > fy2}-

It is easy to see that (C.16) holds for some pair (j1, j2) € {1,...,|T,11.,|}? if and only if it holds

for (m(j), j) forsome j € {1,...,|T,4;,|}. For any given j, (C.16) reduces to

(n—r— 1) wTwim@)-H1 (n—7r— 1) wTwh)2 0
<7< € [0,00)".
(n—1)! wTl, = (n—1! wT1, ’ w € [0, 00)

This is equivalent to solving the following linear fractional programming problem and then check-

ing if the objective is below 7:
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where

n—r—1)!

40 — gim-1 b _ g, (== 1)

(n—1)! "~ (n—1)!
We can apply the Charnes-Cooper transformation (Charnes and Cooper, 1962) by introducing

v = w/w’1,, to transform it into a linear programming problem:
minv’a?, st 0TV > 7 071, = 1,0 € [0, 00)". (C.17)

Solving these O(n" ') LP problems can be accelerated by the following two observations:

1. Using the same argument as in the last step of the proof of Theorem 3, we can restrict

|
J'ZTL-
(n—r—1)!

2. When az(.j ) > pY9) for every i € N, then the objective of (C.17) can never be below 7.

C.5 Supplementary material for Section 4.5

C.5.1 Description of data
We briefly describe the individual samples in our meta-data.

Table C.1: Description of Data.

Source of Data #Obs # Subj # Lottery Country Gains Only
Abdellaoui et al. (2015) 801 89 3 France Y
Fan et al. (2019) 4750 125 19 [N Y
Bouchouicha and Vieider (2017) 3162 94 66 UK N
Sutter et al. (2013) 661 661 4 Austria Y
Etchart-Vincent and I’Haridon (2011) 3036 46 20 France N



Fehr-Duda et al. (2010)
Lefebvre et al. (2010)
Halevy (2007)

Anderhub et al. (2001)
Murad et al. (2016)

Dean and Ortoleva (2019)
Bernheim and Sprenger (2020)
Bruhin et al. (2010)

Bruhin et al. (2010)
I’Haridon and Vieider (2019)
I’Haridon and Vieider (2019)
I’Haridon and Vieider (2019)
I’Haridon and Vieider (2019)
I’Haridon and Vieider (2019)
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I’Haridon and Vieider (2019)
I’Haridon and Vieider (2019)
I’Haridon and Vieider (2019)

8560
72
366
183
2131
1032
1071
8906
4669
1708
2548
2350
2240
2687
5711
3072
2968
2770
3906
2604
3639
2352
2492
2352
2716
1791
3360
5638
2660

153
72
122
61
86
179
153
179
118
61
95
84
80
96
204
128
106
99
140
93
130
84
89
84
97
64
120
202
95

56

50
40
28
28
28
28
28
28
24
28
28
28
28
28
28
28
28
28
28
28
28
28

China
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Switzerland
Switzerland
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I’Haridon and Vieider (2019)
I’Haridon and Vieider (2019)
I’Haridon and Vieider (2019)
I’Haridon and Vieider (2019)
I’Haridon and Vieider (2019)
I’Haridon and Vieider (2019)
I’Haridon and Vieider (2019)
I’Haridon and Vieider (2019)
I’Haridon and Vieider (2019)
I’Haridon and Vieider (2019)

2491
1959
1819
1988
2240
2212
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2240
2701
2436

89
70
65
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79
74
80
97
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28
28
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Poland
Russia
Saudi Arabia
South Africa
Spain
Thailand
Tunisia
UK
[N

Vietnam
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C.5.2 Papers as domains
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We now consider an alternative definition of domains, with each of the 14 papers representing a

different domain. This changes the content of the i.i.d. assumption imposed in Section 4.3.2, where

we now assume that samples are i.i.d. across papers, but may be dependent across subject pools

within the same paper. We repeat our main analysis and report 78% two-sided forecast intervals in

Figure C.3. These intervals are qualitatively similar to those reported in Figure 4.4.

C.5.3 Supplementary tables and figures for main analysis

Table C.2 reports the forecast intervals that are depicted in Figure 4.4.
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Figure C.3: 78% (n=14, T = 0.95) forecast intervals for each of the three measures, treating each paper as a separate
domain.
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Model

Raw Transfer Error

Transfer Shortfall

Transfer Deterioration

CPT variants

Y

o,

0,7

a, B,

a, 3,0,
EU models

EU

ML algorithms
Random Forest

Kernel Regression

[2.50,15.83]
[2.56,16.13]
[2.48,17.19]
[2.47,15.91]
[2.46,15.99]

[2.56,16.41]

[2.71,31.39]
[2.75,33.62]

[1.03,2.54]
[1.04,2.35]
[1.02,2.47]
[1.02,2.60]
[1.02,2.62]

[1.04,2.14]

[1.02,6.42]
[1.02,5.33]

[1.00,1.47]
[1.00,1.30]
[1.00,1.53]
[1.00,1.85]
[1.00,1.82]

[1.00,1.30]

[1.02,6.42]
[1.01,5.29]

C.5.4 Alternative forecast intervals

Table C.2: 86% (n=44, T = 0.95) forecast intervals

In this section, we report alternative forecast intervals for our three measures. Table C.3 constructs

96% two-sided forecast intervals (setting 7 = 1),* and Table C.4 reports 91% one-sided forecast

intervals (setting 7 = 0.95). All of the forecast intervals are qualitatively similar to the 86%

two-sided forecast intervals reported in the main text.

Finally, Figure C.4 plots the 7-th percentile of the pooled transfer errors as 7 varies. The figure

shows that the qualitative conclusions we have drawn about the relative performance of black boxes

4The lower bounds of these intervals are the minimum transfer error (among the pooled transfer errors) and the
upper bounds are the maximum transfer error.
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Model Raw Transfer Error Transfer Shortfall Transfer Deterioration
CPT main variants
v [0.81,23104.96] [1.01,7.31] [1.00,7.22]
a, 3 [0.71,19999.41] [1.00,5.28] [1.00,5.27]
0,7y [0.71,23052.76] [1.00,7.25] [1.00,7.18]
a, B,y [0.71,28122.26] [1.00,5.65] [1.00,5.60]
a, 3,0,y [0.71,27959.10] [1.00,6.01] [1.00,5.95]
EU models
EU [0.72,22787.99] [1.00,4.44] [1.00,1.75]
ML algorithms
Random Forest [0.96,42520.49] [1.01,33.17] [1.01,33.17]
Kernel Regression [1.01,42519.23] [1.01,6.835] [1.00,6.79]

Table C.3: 96% (n=44, T = 1) two-sided forecast intervals

and economic models are not specific to any choice of 7.°> In fact, in Panels (a) and (c), the black
box curves lie everywhere above the CPT and EU curves, so both the lower and upper bounds of
the black boxes’ forecast intervals are higher than those of the economic models for every choice

of 7.

C.5.5 Forecast intervals for the ratio of raw RF and CPT transfer errors

Let e 4 be the ratio of the raw random forest transfer error to the raw CPT transfer error (i.e., using
the specification in (4.1)), henceforth the transfer error ratio.

Panel (a) of Figure C.5 reports 86% two-sided forecast intervals for the raw transfer error ratio
for each CPT specification. The lower bound for each CPT model is approximately 0.9, while the
upper bound is as large as 4.5. Panel (b) of the figure is a histogram of raw transfer error ratios
for the 4-parameter CPT model when the training domains 7 and the target domains d are drawn

uniformly at random from the set of domains in the meta-data. This distribution has a large cluster

3To improve readability, we remove extreme numbers by truncating 7 € [5, 95, and show results only for the 3§
specification of the CPT model.
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Model Raw Transfer Error Transfer Shortfall Transfer Deterioration
CPT main variants
y [0,15.83] [1,2.54] [1,1.47]
a, 3 [0,16.13] [1,2.35] [1,1.30]
0,7y [0,17.19] [1,2.47] [1,1.53]
a, B,y [0,15.91] [1,2.60] [1,1.85]
a, 3,0,y [0,15.99] [1,2.62] [1,1.82]
EU models
EU [0,16.41] [1,2.14] [1,1.30]
ML algorithms
Random Forest [0,31.39] [1,6.42] [1,6.42]
Kernel Regression [0,33.62] [1,5.33] [1,5.29]

Table C.4: 91% (n=44, T = 0.95) one-sided forecast intervals

of ratios around 1 (i.e., raw CPT transfer errors are similar to the raw random forest errors) and a
long right tail of ratios achieving a max value of 32.8 (i.e., the random forest error can be up to 32
times as large as the CPT error). The cumulative distribution function of e 4, reported in Panel (c)
of Figure C.5, shows that the random forest algorithm outperforms CPT in approximately 35% of
(T, d) pairs, although CPT rarely has a much worse raw transfer error than the random forest and

1s sometimes much better.

C.5.6 Alternative Choice of

Here we consider an alternative choice for the number of training domains, setting » = 3 instead
of r =1.

This corresponds to randomly choosing 3 of the 44 domains to be the training domains, finding
the best prediction rule for this pooled data, and using the estimated prediction rule to predict the
remaining 41 samples. For this analysis we use domain cross-validation to select tuning parameters

for the black box algorithms, as described in Example 10.
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Figure C.4: Error percentiles from 5 to 95 (truncated for readability).

Figure C.6 is the analog of Figure 4.4. Again we choose 7 = 0.95, thus constructing forecast
intervals whose lower bounds are the 5% percentile of pooled transfer errors, and whose upper
bounds are the 95% percentile of pooled transfer errors. Applying Proposition 6, these are 82%
forecast intervals. The most notable change is that the random forest forecast interval shrinks
considerably, which suggests that the raw transfer error of the random forest algorithm becomes
less variable when it is trained on more domains. Otherwise, all of the qualitative statements in the

main text for » = 1 continue to hold. In particular, as with » = 1, we find that the forecast intervals
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Figure C.5: Forecast intervals, density, and cdf for the ratio of the raw random forest transfer error to the raw CPT
transfer error.

for all three of our measures have higher lower and upper bounds for the black box algorithms than

for the CPT specifications.

C.5.7 Supplementary Material to Section 4.5.5

Here we consider an alternative choice of for the number of training samples, setting r = 3 and
r = b instead » = 1. Recalling that each sample includes the observations associated with a

unique lottery, this corresponds to randomly choosing three (or five) of the 24 lotteries for training,
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Figure C.6: 82% (n=44, T = 0.95) forecast intervals for (a) raw transfer error, (b) transfer shortfall, and (c) transfer
deterioration, with the choice of r = 3.
finding the best prediction rule for this pooled data, and using the estimated prediction rule to
predict certainty equivalents for the remaining 21 (or 19) lotteries. We use domain cross-validation
to select tuning parameters for the black box algorithms, as described in Example 10.

Figure C.7 and Figure C.8 are the analog of Figure 4.6, with r = 3 and r = 5 respectively.
We again choose 7 = (.95, thus constructing forecast intervals whose lower bounds are the 5%
percentile of pooled transfer errors, and whose upper bounds are the 95% percentile of pooed

transfer errors. Applying Proposition 6, these are 76% for r = 3 and 68% for r = 5 forecast
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intervals. The most notable change is that the forecast intervals shrink for all of the prediction
methods, which suggests that the raw transfer error becomes less variable when it is trained on more
lotteries. Otherwise, all of the qualitative statements in the main text for » = 1 continue to hold,

and in particular the economic models continue to transfer better than the black box algorithms do.
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Figure C.7: 76% (n=24, 7=0.95) forecast intervals using common lotteries in I’Haridon and Vieider (2019), with the
choice of r = 3.
C.5.8 More details on worst-case dominance

Figures C.9 and C.10 compare the worst case upper bound of the forecast intervals for CPT and

RF for our three transfer measures as either I' or 7 varies. In each case the dominance relation is
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Figure C.8: 68% (n=24, 7=0.95) forecast intervals using common lotteries in I’Haridon and Vieider (2019), with the

choice of r = 5.

clear.
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Figure C.9: The worst case upper prediction bound é.(T') (as defined in (4.10)) for (a) raw transfer error, (b)
transfer shortfall, and (c) transfer deterioration of CPT and RF as a function of I' € [l1,00), discretized at
100/i(¢ = 0,1,...,100), at different quantiles T € {0.5,0.6,0.7,0.8,0.9}.
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Figure C.10: The worst case upper prediction bound é,(T') (as defined in (4.10)) for (a) raw transfer error, (b)
transfer shortfall, and (c) transfer deterioration of CPT and RF as a function of T € [0.5, 1| without discretization for

I € {1,2,5,10,00}.
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