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Abstract

This dissertation is about statistical contributions to data linkage and model evaluation.
The two subjects fall at the extremities of traditional model development, with data
linkage used to enrich data fed into downstream models and analyses, and evaluation
used to maximize the utility of deployed models. We report on five research projects
where we developed generalizable statistical methodologies to solve important practical
problems in these areas. This includes the evaluation of statistical models for the
quantification of modern slavery, methods to estimate and monitor the generalization
performance of entity resolution systems, a novel F-score optimization algorithm for
bipartite record linkage, and the introduction of an estimands framework to improve

the validity and practical usefulness of AI/ML evaluations.
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1. Introduction

This dissertation is broadly about “better data and better models.” We want better
data to inform decision and feed into analytical systems, and better models to
maximize utility for users.

I focus on statistical components of two specific topics contributing to these goals.
The first topic is data linkage (also known as record linkage or entity resolution),
which is used to enrich datasets by combining data sources, discovering relationships
in data, and ensuring data quality. The second topic is model evaluation (or machine
learning system evaluation), which is used to guide model development and selection
to maximize value in real-world applications, accounting for multifaceted requirements

and uncertainty in performance estimation.

1.1 Motivation

My motivation to work on these two topics comes from a certain level of neglectedness
that, combined with their importance and statistical nature, makes them impactful
areas of statistical research.

Regarding model evaluation, the increased usage of statistical and machine learning
models in a large range of software systems brings a need for an increased focus on
quality, testing, and evaluation. In many industries, a new factory floor is the one
walked by data scientists and analysts, and on the production line is a stream of

models and predictions. This is a new type of manufacturing industry that benefits



from the use of statistical methods for quality control, and that requires specialized
statistical tools to measure, test, and evaluate its statistical products.

Regarding better data, the democratized availability of high-performance, general-
purpose machine learning models warrants a renewed emphasis on the curation of
rich, high-quality, and semantically enriched datasets. In particular, data linkage
and entity resolution are used to recover identity relationships that can transform a
tabular dataset into much richer knowledge graphs. Links between data points make
large datasets more easily navigable for users and provide additional context and

features for machine learning models.

1.2 Structure and Overview

Each chapter of this dissertation is a self-contained research article resulting from
collaboration between myself and other scientists and stakeholders. The articles are
included in chronological order, as this provides insight into the evolution of certain
ideas and perspectives. Each includes background information and literature reviews
relevant to the topic at hand. In a few sections of the works, collaborators were
the main intellectual contributors — these are indicated by the symbol “&” directly
following the section number.

Chapter 2 reproduces Binette and Steorts (2022b) and is about the evaluation of
statistical models used for quantifying the prevalence of modern slavery. We propose
three methods to assess the reliability of estimates: constructing “ground truth”
datasets using an internal consistency approach, analyzing asymptotic convergence
and bias due to misspecified assumptions, and using resampling techniques to assess
robustness.

Chapters 3 and 4 reproduce Binette et al. (2023) and Binette et al. (2024). They

are about methods and software for evaluating entity resolution systems (large-



scale machine learning-based clustering systems). We introduce novel approaches
to data labeling, generalization performance estimation, performance monitoring,
and error analysis, while accounting for the practical challenges that have hindered
the evaluation of entity resolution systems in the past. This is applied to the
disambiguation of inventors in U.S. patents data using the public data platform
PatentsView.org.

Chapter 5 reproduces Bai et al. (2023), a close collaboration with Eric Bai, that
introduces an algorithm for optimizing an F-score objective in bipartite record linkage.
We demonstrate how the F-score is a natural objective that can lead to better
population size estimates, we provide an efficient implementation of the optimization
algorithm, and we demonstrate its use in application to linking U.S. Census data to
Union Army records.

Finally, chapter 6 is about broad issues in the evaluation of machine learning
systems, and statistical ideas that can be useful in machine learning evaluation practice.
We propose the use of an estimands framework to structure model evaluations and
their review, showing how it can lead to improved validity and practical usefulness in
applications where commonly-used evaluation methodologies fail to properly rank

models according to their generalization performance.



2. On the Reliability of Multiple Systems Es-
timation for the Quantification of Modern
Slavery

The quantification of modern slavery has received increased attention recently as
organizations have come together to produce global estimates, where multiple systems
estimation (MSE) is often used to this end. Echoing a long-standing controversy,
disagreements have re-surfaced regarding the underlying MSE assumptions, the
robustness of MSE methodology, and the accuracy of MSE estimates in this application.
Our goal is to help address and move past these controversies. To do so, we review
MSE, its assumptions, and commonly used models for modern slavery applications.
We introduce all of the publicly available modern slavery datasets in the literature,
providing a reproducible analysis and highlighting current issues. Specifically, we
utilize an internal consistency approach that constructs subsets of data for which
ground truth is available, allowing us to evaluate the accuracy of MSE estimators.
Next, we propose a characterization of the large sample bias of estimators as a function
of misspecified assumptions. Then, we propose an alternative to traditional (e.g.,
bootstrap-based) assessments of reliability, which allows us to visualize trajectories of
MSE estimates to illustrate the robustness of estimates. Finally, our complementary
analyses are used to provide guidance regarding the application and reliability of

MSE methodology.



2.1 Introduction

Modern slavery refers “to situations of exploitation that a person cannot refuse or leave
because of threats, violence, coercion, deception, and /or abuse of power” (International
Labour Organization, 2017a,b). This term encompasses issues of forced labor, forced
sexual exploitation, and forced marriage (International Labour Organization, 2017a).
Individuals involved in the recruitment, harboring, and receipt/transportation of
victims of such exploitation are referred to as human traffickers (United Nations,
2001, 2000; Sigmon, 2008).!

The quantification of modern slavery has received increased attention as orga-
nizations have come together to produce global estimates (Walk Free Foundation,
2013; Datta and Bales, 2013; International Labour Organization, 2017a; Landman,
2020). These efforts have assisted anti-slavery campaigns, led to increased public
awareness, and supported newly implemented governmental policies. One major,
recent goal is determining the number of victims of modern slavery. Specifically, in
the United Kingdom (UK), the Home Office estimated between 10,000 and 13,000
potential victims of modern slavery in 2013 using multiple systems estimation (MSE)
(Silverman, 2014; Bales et al., 2015). Producing this estimate was part of the strategy
leading to the UK Modern Slavery Act 2015 (UK Parliament, 2015). Similar studies
have been carried out in the Netherlands (van Dijk et al., 2017), in New Orleans
(Bales et al., 2019), in the Western United States (U.S.) (Farrel et al., 2019), in
Australia (Lyneham et al., 2019), as well as in Serbia, Ireland and Romania (UNODC,

2018a,b,c). These are reviewed in section 2.3.1.
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I The terms “modern slavery,” “contemporary forms of slavery,” and “human trafficking” are
commonly considered synonymous. However, the terminology has been subject to variation and
debate due to its history and due to various legal definitions (Feingold, 2010; Chuang, 2014; Cockayne,
2015; Dottridge, 2017; Mende, 2019; Scarpa, 2020; Allain, 2017; Davidson, 2015; Piper et al., 2015;
Bunke, 2016). In this paper, we use the term modern slavery as defined by the International Labour
Organization and as commonly referred to throughout the literature (section 2.3.1).



MSE;, reviewed in section 2.2, is often the only available technique to estimate the
prevalence of modern slavery. This is because victims of modern slavery can be out
of the reach of traditional surveys. Instead of relying on representative samples, MSE
uses case reports from multiple organizations, such as the police and non-governmental
organizations, in order to estimate the population size. This approach promises to
expose the scale of an issue which could otherwise be ignored.

The foundations of MSE dates back to at least the 17th century, when John Graunt
used similar ideas to estimate London’s population in 1661 (Hald, 2005). Laplace
later formalized the technique to provide error bounds (Laplace, 1820), Quetelet
advocated this approach for more efficient population census (Quetelet, 1827; Stigler,
1986), and these ideas were further developed in Sekar and Deming (1949). Today,
MSE (also referred to as capture-recapture) is widespread in population ecology, in
epidemiology, for official statistics and in the social sciences (Bird and King, 2018;

Bohning et al., 2017).

2.1.1 Two Centuries of Controversy

Despite its potential, MSE has faced harsh criticism for nearly two centuries. Quetelet
abandoned MSE following concerns raised by de Keverberg on the soundness of
underlying assumptions (Quetelet, 1827; Stigler, 1986). More recently, Cormack
expressed deep concerns regarding the use of similar methods in epidemiological
applications (Cormack, 1999a). He stated that “many of these studies give estimates
which are not scientifically justified by the underlying data.” This led to an energetic
correspondence between Cormack and proponents of MSE (Hook and Regal, 1999;
Cormack, 1999b; Hook et al., 2000; Cormack, 2000). In the context of MSE for the
quantification of modern slavery, the issues raised by Cormack and the following
disagreement was almost exactly repeated in Whitehead et al. (2019) and in the corre-

spondence with ensued with the authors of key modern slavery studies (Vincent et al.,

6



2020a; Whitehead et al., 2020; Vincent et al., 2020b). The disagreements involved
the soundness of assumptions underlying MSE, the robustness of the procedures, and

the accuracy of estimates in applications.

2.1.2 Our Contribution

Our goal is to help address these controversies. This is challenging because, as stated
by Silverman (2020), “no ‘ground truth’ is available to investigate the accuracy of

any estimates.” Instead, we address this issue using the following key observations:

1. data with ground truth can be obtained from available datasets using the

internal consistency approach of Hook and Regal (2000); Hook et al. (2012);

2. the convergence and bias of estimates (due to possibly misspecified assumptions)

can be characterized in an asymptotic framework; and
3. the reliability of estimates can be diagnosed using resampling techniques.

Regarding (a), we use all publicly available data from past MSE studies on modern
slavery (Silverman, 2014; Bales et al., 2015, 2019; van Dijk et al., 2017; Farrel et al.,
2019; Lyneham et al., 2019). The internal consistency approach constructs subsets of
this data for which ground truth is available, allowing us to evaluate the accuracy
of MSE estimators. This approach was recommended in the discussion of Silverman
(2020) by Ridout (2020), but has not, to our knowledge, previously been carried
out for modern slavery data. Other types of internal validation approaches have
been suggested as a fruitful avenue for future research in discussions by Bohning
(2020) in Silverman (2020). Regarding (b), we introduce a novel characterization
of the large sample bias of estimators as a function of misspecified assumptions.
Using our results, we quantify the effect of individual heterogeneity on the bias

of estimates. This shows the scale and direction of the bias that can be expected



in reasonable practical situations. Regarding (c), we propose an alternative to
traditional (e.g., bootstrap-based) assessments of reliability. Our proposal is more
easily interpretable and it involves fewer degrees of freedom in its specification. In
practice, it allows us to put modern slavery MSE estimates into the perspective of a
hypothetical trajectory of estimates. These trajectories are visualized to showcase
the robustness of estimates to small changes in the data. In addition to these three
contributions, we provide a thorough review of MSE methodology and a comparison
of real data estimates. Our analyses allow us to illustrate obstacles within MSE, to
provide practical recommendations, and to provide further directions for research,

complementing previous work in this area (Silverman, 2020; Far et al., 2021).

2.1.3 Organization of the Paper

The rest of the paper is organized as follows. Section 2.2 reviews the MSE literature.
Section 2.3 describes data from past modern slavery studies, providing comparisons,
performing a sensitivity analysis, and discussing MCMC convergence issues with one
of the Bayesian models. Section 2.4 evaluates the performance of estimators when
ground truth is available using the internal consistency approach. Section 2.5 provides
results regarding the bias of estimates, including the consequences of individual
heterogeneity. Section 2.6 proposes a visual diagnostic of estimator robustness and
showcases its use on modern slavery data. Finally, we discuss main takeaways in

section 2.7.

2.2 Background

This section reviews the general framework of MSE. We describe the fundamental
idea as reflected in the Lincoln-Peterson estimator in section 2.2.1 and we introduce
the general model with multiple lists in section 2.2.2. Section 2.2.3 discusses the

assumptions of MSE and their relationship to the existence of consistent population
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size estimators. We then review log-linear, decomposable graphical, and latent class

models in section 2.2.4.

2.2.1 Introduction to Multiple Systems Estimation

MSE is a technique used to estimate the total size of a population. It relies on
multiple samples from the population, referred to as lists, which have been collected
by different organizations. The basic principles of the approach are most intuitively
explained in the context of two lists. Here two organizations (e.g. the police and
a non-governmental organization) record their contact with individuals from the
population of interest (such as potential victims of modern slavery). A large overlap
between the two lists may indicate that a large portion of the total population was
observed. A small overlap may indicate that a larger portion was unobserved. This is
justified if the two lists are independent, meaning that the probability that individual
appears on one of the lists does not depend on whether an individual appears on the
other list.

To formalize this idea, let n; be the number of potential victims appearing on a
first list, let no be the number on the second list, and let m be the number of potential
victims appearing on both. The classical Lincoln-Petersen estimator (Lincoln, 1930;

Petersen, 1895) of the total population size is defined as

N =1 (2.1)

m

The estimator is nearly unbiased if the two lists are independent (see Bishop et al.
(2007); Chao et al. (2008) for a full account of the properties of the Lincoln-Petersen
estimator, extensions, and applications). This was first used to estimate the number
of fish in closed reservoirs and extensions led to MSE methodology that is widely used
in population ecology (Cormack, 1968; Seber, 1982, 1986, 1992; Amstrup et al., 2005).

These extensions have also been adopted in epidemiology (Wittes, 1974; Yip et al.,

9



1995; Yip et al., 1995; Chao et al., 2001) and to inform public policy (Bird and King,
2018), as well as in human rights applications (Lum et al., 2013; Manrique-Vallier
et al., 2013).

2.2.2 The General Framework of Multiple Systems Estimation

Generally, more than two lists are used in MSE studies. This can provide greater
coverage of the population of interest and allows the estimation of certain interactions
between lists. In this section, we review the general MSE model used for these
purposes.

As previously stated, MSE is used to estimate the unknown size N of a population
when a complete enumeration is not possible. Instead, L > 2 lists of observed cases
are used to draw inference. Each list records a small fraction of the population.
The total number of observed individuals, ngs, is obtained by combining lists and
removing any duplicate individuals. The number of unobserved individuals, ng, is
estimated using MSE from the patterns of overlap between the lists. Together, the
number of observed individuals (n.ps) and the number of unobserved individuals (ng)
account for the entire population, N = ngps + no.

For each individual ¢ = 1,2,3,..., N in the entire population, we observe a list
inclusion pattern W; = (W; 1, Wia,...,W; 1) € {0,1}* where W;; = 1 if individual
i appears on list j and W, ; = 0 otherwise. If W; = (0,0,...,0) = 0, then the ith

individual is unobserved. The observed data are the counts
N
ne = Y I(Wi =x), xe{0,1}"\{0}. (2.2)
i=1

This represents the counts of individuals with given non-zero inclusion patterns.
The set of all observed counts is denoted by (n;).+0 and the number of observed

individuals is ngps = Zﬁ:e Nyg.
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For example, in the context of the United Kingdom (UK) study (Silverman, 2014;
Bales et al., 2015), the lists correspond to organizations coming into contact with
potential victims of modern slavery. The organizations are local authorities (LA),
the police force (PF), the national crime agency (NCA), governmental organizations
(GO), non-governmental organizations (NG), and the general public (GP). Each
organization records identifying information for each case it comes into contact with.
The resulting lists are then matched together using record linkage or de-duplication
(Christen, 2012; Christophides et al., 2021; Binette and Steorts, 2022a), which allows
one to identify duplicate records from multiple lists. The observed data, containing
all observed overlap counts, is reproduced in table 2.1, where the PF and NCA lists
have been combined following Silverman (2014); Bales et al. (2015). In table 2.1,
columns under “Cases observed once” represent the number of victims only observed
in the list marked by an “x” underneath. The other columns represent the amount
of overlap between the lists marked by “x” underneath. For example, 54 potential
victims have only been reported by the LA list, that 463 potential victims have only
been reported by the NG list, and that 15 potential victims have been reported by
both LA and NG but not by any of the other lists. One victim has been observed
on LA, NG, PFNCA and GO, but not on GP (rightmost column). In total, 2744

distinct potential victims have been identified in this dataset.
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Table 2.1: Counts of potential victims of modern slavery in the UK, disaggregated by the lists in which potential victims
appear. This data was reported in Silverman (2014).

Total Cases observed once Cases observed twice 3+ times
2744 | 54 463 995 695 316 ‘ 15 19 3 62 19 1 76 11 8|1 1 4 1
LA | x X X X X X X
NG X X X X X X X X X
PFNCA X X X X X X X X
GO X X X X X X X X
GP X X X X




2.2.3 Assumptions and Consistency of Estimators

This section reviews the three assumptions of the standard MSE model regarding list
inclusion patterns. The first two are standard, stating the data is independently and
identically distributed. The third is an identifiability assumption which we show in
Proposition 1 is necessary to the existence of consistent population size estimators.

The first two assumptions are formally stated below:

A1 The list inclusion patterns W;, ¢+ = 1,2,3,..., N are independent from one
another. That is, the lists on which individuals appear or do not appear has no
influence on the inclusion patterns of other individuals — this is independence

across individuals.

A2 The list inclusion patterns W;, i = 1,2,3,..., N are identically distributed with
pe =P(W;=2)>0, xe{0,1}" (2.3)

That is, for any set of lists represented by an inclusion pattern z € {0, 1}, all

individuals are equally likely to have x as an inclusion pattern.

A1 and A2 are classical assumptions in the MSE literature and we point the
reader to (Lum et al., 2013) for a practical discussion of MSE assumptions. While
assumption A1 may not always hold, we expect that it has a non-negligible effect
for large populations. Assumption A2 is also less stringent than it appears. It only
requires the data to be marginally identically distributed. That is, suppose that the
inclusion pattern probability of an individual ¢ is affected by an unobserved variable
i, which represents the type of crime involved or socio-demographic characteristics
of the individual victim. As long as E,, [P(W; = x | \;)] = p, is constant and does
not depend on 7, then assumption A2 is satisfied. Such models, where inclusion

probabilities depend on latent individual characteristics, are referred to as “individual
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heterogeneity” models (Otis et al., 1978). These are relevant to modern slavery
applications given the heterogeneity in the population which may impact list inclusion
probabilities. Throughout the paper, we assume that A1 and A2 hold. Heterogeneity
models are specifically considered in section 2.5.2.

Here, we introduce a decomposition of the data likelihood due to Fienberg (1972).

Under assumptions A1 and A2, the observed data (n;),+0 is distributed as
Nobs ~ binomial(1 — pg, V), (2.4)

(Ng)wxo | Mobs ~ multinomial ((gz)z+0; Mobs) » (2.5)

where
QI:px/<1_p0):P(Wz:x‘m+0)a x:+:0

is the conditional probability of the inclusion pattern x given the individual being
observed. In some cases, a Poisson likelihood is used as an approximation to the
multinomial model (2.4) and (2.5) (Cormack, 1989). This is the case with the Poisson
log-linear modeling approach reviewed in section 2.3.2. The Poisson likelihood is
used for convenience and does not make any important difference on the model, its
assumptions, or resulting estimates.

While the population size N is identifiable in the standard MSE model given by
(2.4) and (2.5) (Farcomeni and Tardella, 2012), assumptions A1l and A2 are not
sufficient by themselves to obtain meaningful population size estimates. Indeed, it
follows from (2.4) that the observed data provides information about N only through
Nobs and pg. In section 2.5, we formally define the notion of consistent population size
estimators to formalize what can be learned from the data. Roughly, a population
size estimator N is consistent for a statistical model © < {(py)aso : 3, pe = 1} if
and only if it converges to the true population size N in large samples whenever the
probabilities p, in (2.3) are part of ©. The minimal requirement for the existence of
consistent population size estimators is given in Proposition 1 below.
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Proposition 1. If a model © admits a consistent population size estimator, then

there exists a function f such that po = f((qz)as0) for all (pz)seqo 1z € ©, where

_ _Pz
Iz = 1-po”

The proof is in Appendix 2.8.3.

Proposition 1 motivates assumption A3 which, given some function f, restricts
the set of probabilities (p,) under consideration.
A3 There exists a function f such that

Pz
1 —po

Po = f((Gz)z40), Where ¢, =

That is, the unobserved probability pg is the deterministic function f of the

observed data distribution through the cell probabilities (g;).+o-

We refer to this as the identifying assumption, which formalizes a condition of
Link (2003). That is, A3 is equivalent to stating that no two different distributions
(P)zefo1)2 lead to the same zero-truncated distribution (g;),+0. Our assumption A3
is equivalent to Definition 1 in Aleshin-Guendel (2020) and Definition 2 in Aleshin-
Guendel et al. (2021). It relates part (2.5) of the observed data distribution to the
probability of an individual being unobserved. As such, it can be interpreted as
specifying the missing data mechanism at play in MSE. It can also be understood
as an extrapolation formula (Manrique-Vallier et al., 2021), which allows one to go
from the observed data distribution (g,),+0 to the unobserved probability po. Then
through (2.4), one can infer the total population size.

An example of an assumption of the form A3 is given in section 2.2.4.1 in the

context of log-linear modeling.

Remark 1. The observed data provides no information regarding assumption A3.
In fact, as pointed out by Manrique-Vallier et al. (2021), “the way in which the
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probability pg relates to the rest of p,, x + 0, can neither be learned from data nor
tested.” Turning the choice of f in A3, in practice, this is taken as the consequence
of simpler and more easily interpretable assumptions. Typically, f is chosen as the

consequence of one of the particular modeling approaches described next section 2.2.4.

2.2.4 Multiple Systems Estimation Methods

In this section, we review MSE models widely used in the literature. These allow one
to estimate the probabilities p, defined in (2.3) and to specify a function f in A3,
that provides via (2.4) a population size estimate. Crucially, we only consider models
that do not inherently require covariate-level data as motivated by the applications
in section 2.3.1. First, we review log-linear models (Fienberg, 1972; Cormack, 1989).
Second, we review graphical models (Madigan et al., 1995; Madigan and York, 1997),
which are a special case of log-linear models. Third, we review a family of latent
class models (Manrique-Vallier and Fienberg, 2008; Manrique-Vallier, 2016; Aleshin-
Guendel, 2020).

2.2.4.1 Log-Linear Models

Fienberg (1972) introduced the use of log-linear models for MSE, which provide the
basis for many applications (Yip et al., 1995; Baillargeon et al., 2007). Furthermore,
the use of these models have been previously considered in the use of modern slavery
studies (section 2.3) (Silverman, 2014; Bales et al., 2015, 2019; Silverman, 2020; Chan
et al., 2020; van Dijk et al., 2017; Farrel et al., 2019; Lyneham et al., 2019). In this
section, we briefly review this literature, referring the reader to (Bishop et al., 2007;
Yip et al., 1995) for further details.

Log-linear models provide an interpretable re-parameterization of the model
parameters p, and N defined in (2.3). The log-linear model consists of an intercept

term p, a main list effects term «;, two-way interaction terms f;; (for lists i 4 j),
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and higher order interaction terms including a full-way interaction term ~. Thus, the
log-linear parameterization of N and (ps).eqo,13 is given by
log(Np,) =+ inai + inxjﬁi,j +oaag--xpy, xe {0,135 (2.6)
i itj

The full-way interaction term v can be expressed as

v= D, (=) log(p,) (2.7)

ze{0,1}L

where |z]| = ), z;.

We now discuss the parameter interpretation in (2.6). If all parameters other than
1 and the «; are zero, this corresponds to independent lists. The probability that
an individual appears in list ¢ is given by e® /(1 4 ). If two-way interaction terms
are added, then ; ; represents how the odds of inclusion to non-inclusion on the ith
list, conditionally on all other variables, changes depending on whether or not the
individual appears on the jth list. For non-overlapping lists, setting 3; ; = —o0 states
that an individual cannot appear on both lists ¢ and j. Higher order interaction terms
can be similarly interpreted in terms of log-odds changes.

One of the main advantages of the log-linear parameterization is the resulting
model hierarchy. The independence model, with intercept p and main effects ay,
is obtained by setting all interaction terms to zero. More complex models can
be obtained by adding interaction terms, allowing for dependencies between lists.
Typically, simpler models are favored, with interaction terms only added to the extent
that data provides evidence for them. This has been called “betting on sparsity”
(Friedman et al., 2001). For instance, all log-linear models can be fitted to the data
using maximum likelihood estimation, and a single model can be selected based on
Akaike’s Information Criteria or through other criteria (Chao et al., 2001). Regal and
Hook (1991); Yip et al. (1995) review other considerations involved in the selection

of log-linear models and the reporting of corresponding estimates.
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Crucially, the assumption of no full-way interaction in log-linear models, which
corresponds to setting v = 0 in (2.6), induces an identifying assumption of the form
A3. The following assumption is typically made within the context of log-linear

models (Fienberg, 1972):

A3.1 The full-way interaction term ~ in the log-linear parameterization (2.6) is
zero. Equivalently, the probabilities (p,) defined in (2.3), with ¢, = p./(1 — po),

satisfy the relationship

log Po :2(—1)|$|logqx. (2.8)

This states that the (L — 1)-way interaction term for individuals appearing on list
L is the same as the (L — 1)-way interaction term for individuals not appearing on

list L.

Remark 2. As discussed in section 2.2.3, assumption A3.1 is untestable and is made
in order to obtain consistent population size estimators. Yip et al. (1995) states that
this assumption “is more likely to be approximately correct than assumptions about
the absence of lower-order interactions.” In the case of only two lists, A3.1 is satisfied
if the two list inclusion indicators W7 and W5 are uncorrelated or independent. With
more than two lists, if one list is independent of another given the rest, then A3.1 is

also satisfied.
2.2.4.2 Decomposable Graphical Models

We now review decomposable graphical models (Darroch et al., 1980) with hyper-
Dirichlet priors (Dawid and Lauritzen, 1993), which were proposed by York and
Madigan (1992); Madigan et al. (1995); Madigan and York (1997) for MSE. First, we
describe (undirected) graphical models, which are special cases of log-linear models
with an intuitive interpretation of conditional dependencies. Second, we review
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decomposable graphical models with hyper-Dirichlet priors, which are mainly used for
computational convenience as they provide a conjugate family for which population

size estimates can be derived in closed form.

2.2.4.2.1 Graphical Models

Graphical models are statistical models where the dependency between variables
is characterized by an interpretable graph. Nodes in the graph represent variables,
and two variables are linked together if they exhibit certain conditional dependencies.
In the context of MSE, the graph describes the dependencies and conditional inde-
pendencies between lists. There is one node for each list; it represents the variable
indicating whether or not a given individual appears on this list. The graph has
two equivalent properties, known as the local Markov property or the conditional

independence graph, which we define below.

Local Markov property: The conditional distribution of any variable only depends

on other variables through its immediate neighbors in the graph.

Conditional independence property: If A and B are two sets of vertices sepa-
rated by another set S in the graph, then the variables corresponding to A and

B are conditionally independent given S.

Figure 2.1 presents examples of conditional independence graphs for the list

considered in the UK modern slavery study of Silverman (2014); Bales et al. (2015).

2.2.4.2.2 Decomposable Graphical Models and the Hyper-Dirichlet Prior
In this section, we review other important terminology used in graphical models.
Decomposable graphical models refer to graphical models for which the graph G is

chordal — every cycle in the graph is part of a clique.? From a statistical point of view,

2 A cycle is a set of vertices which are connected in a closed chain. A clique is a set of vertices
which are all interconnected.
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FI1GURE 2.1: Examples of independence graphs on the 5 lists considered in the UK
study of Silverman (2014); Bales et al. (2015). Left: Full independence between the
lists. Middle: Various dependencies and conditional independencies. For example,
NG is conditionally independent of GO and LA given GP. Right: Full dependency
model with no non-trivial conditional independences.

decomposable graphical models have an important advantage in that every distribution
on a decomposable graph is uniquely characterized by the set of marginal distributions
over its cliques. That is, no two different distributions on a decomposable graph can
have the same marginal distributions over the cliques of the graph. Furthermore, any
set of pairwise consistent marginal distributions over the cliques of a decomposable
graph uniquely determines a joint distribution. Here, distributions on two sets of
vertices A and B are said to be consistent if they have the same marginal on A N B.
In other words, probability distributions over decomposable graphs can be specified
through clique marginals which are pairwise consistent.

Dawid and Lauritzen (1993) exploited these properties to define the hyper-Dirichlet
prior, a prior distribution for decomposable graphical models. This prior distribution
is easily specified through Dirichlet clique marginals, allowing for tractable posterior

inference.

2.2.4.2.3 Bayesian Model Averaging of Decomposable Graphical Models
In the context of MSE and of Madigan and York (1997), the hyper-Dirichlet prior
on decomposable graphical models is parameterized by a set of “prior counts” a for

x € {0,1}F (Sadinle, 2018). For a given decomposable graph, the marginalization of
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these counts over the cliques of the graph yields the corresponding parameters of the
marginal Dirichlet priors. Given a prior on the population size, we obtain a tractable
formula for the posterior distribution (see Madigan and York (1997); Sadinle (2018)).
Uncertainty regarding the structure of the decomposable graph is incorporated using
a prior on the set of all possible graphs, known as Bayesian model averaging (Gelman
et al., 2013).

Excluding the complete graph, all graphical models are special cases of log-linear
models with no full-way interactions (Darroch et al., 1980). As such, graphical

modeling relies on assumption A3.1 of no full-way interaction.
2.2.4.3 Latent Class Models

Finally, we review the latent class model of Manrique-Vallier (2016), which is motivated
by the modeling of latent individual heterogeneity.
The latent class model decomposes the probabilities p, defined in (2.3) through a

mixture representation. That is, the model takes the form

K L

pe = D wi | [ A5 = dwg) ™ (2.9)

where wy, is the class weight and where ). ; is the jth list inclusion probability for
class k. Any distribution (ps)geo,132 can be decomposed through (3) with K = 2Ll
(Johndrow et al., 2017). In terms of the list inclusion variables, this model represents
independence between lists conditionally on the latent class to which belongs an
individual.

Aleshin-Guendel (2020); Aleshin-Guendel et al. (2021) showed model (2.9) induces
an assumption of the form A3 if and only if 2K < L. When 2K > L, it follows from
Aleshin-Guendel (2020) and Proposition 1 that no consistent population size estimator

results from (2.9) with unrestricted values of wy and A; ;. In other words, given a
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prior on the latent class model, the resulting population size posterior distribution
is generally inconsistent — the posterior distribution does not converge to the true
population size. Instead, such an approach quantifies uncertainty through the prior
relationship between pg and the other model probabilities. This is valid as long as the
mixture of independence model is appropriate for the data, and as long as the prior
specification properly captures our uncertainty regarding the distribution of the latent
classes and the list inclusion probabilities. The prior specification of Manrique-Vallier

(2016) for (2.9) is discussed in Section 2.3.2.

2.3 Data and Population Size Estimators Under Con-
sideration

This section introduces the datasets and estimators which we consider throughout the
paper. Section 2.3.1 reviews the datasets and section 2.3.2 introduces the estimators
based on the models of section 2.2.4. In section 2.3.3, we then showcase how the
corresponding estimates compare among themselves and in relation to published
estimates. Finally in section 2.3.4, we discuss challenges associated with these
approaches, notably the sensitivities to choices of hyperparameters and convergence

issues.

2.3.1 Data From Past Modern Slavery Studies

In this section, we summarize all publicly available datasets from past studies on
modern slavery that utilized MSE (table 2.2). The United Kingdom, New Orleans,
Netherlands, and Western U.S. datasets were considered in a recent study of Silverman
(2020). All data considered has been stripped of covariate information, although
in some of the original studies (Netherlands and Western U.S.) such covariate data
was available to the researchers and used to produce estimates. Furthermore, we
only consider a maximum of five lists for each of the datasets, in order to ensure
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Table 2.2: Datasets under consideration, the timeframe for the collected data, the
number of observations, the number and proportion of overlap (observations which
appeared in more than one list), and the total number of lists. In order from top
to bottom, datasets are from Silverman (2014), Bales et al. (2019), van Dijk et al.
(2017), Farrel et al. (2019), and Lyneham et al. (2019).

Dataset Timeframe # observations # overlap # lists
United Kingdom 2013 2744 221 (8.1%) 5
New Orleans 2016 185 12 (6.5%) 5
Netherlands 2010-2015 8234 431 (5.2%) 5
Western U.S. 2016 345 23 (6.7%) 5
Australia 2015-16 to 2016-17 414 69 (16.7%) 4

applicability of the decomposable graphical model approach of Madigan and York
(1997); Lum et al. (2015). For the United Kingdom, New Orleans, and Netherlands
datasets which originally contained more than five lists, we consider the five lists
version proposed in Silverman (2020). Full details on each dataset can be found in

Appendix 2.8.1.

2.3.2 Population Size Estimators

We now introduce the population size estimators which we evaluate and compare.
The choice is motivated by past MSE studies for the quantification of modern slavery,
as well as by the recent comparative analysis of Silverman (2020). First, we consider
the approach of Chan et al. (2020), which we refer to as SparseMSE following the
name of the corresponding R package. This approach was motivated by the studies of
Silverman (2014); Bales et al. (2015, 2019). It addresses the issues of non-overlapping
lists and of model selection uncertainty. Second, we consider the approach of Madigan
and York (1997), which we refer to as dga following its implementation in the dga
R package of Lum et al. (2015). This approach was considered in Silverman (2020)
and provides a Bayesian model averaging approach to MSE. Third, we consider the

approach of (Manrique-Vallier, 2016) which we refer to as LCMCR following the name
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of the corresponding R package. This estimator was also considered in Silverman

(2020) and has been used in human rights statistics, leading to recent extensions

(Kang et al., 2020). Finally, we consider a simple independence model as a baseline

point of reference. Each approach provides point and interval estimates, relying on

the modeling approaches reviewed in section 2.2.4 for model fitting and inference.

SparseMSE: SparseMSE (Chan et al., 2020) fits a log-linear model of the form (2.6)

with no three-way or higher interaction terms and with two-way interaction terms
selected through forward stepwise p-value thresholding. A Poisson likelihood
approximation to the multinomial data likelihood is used for mathematical
convenience; this does not meaningfully change inferences (Cormack, 1989).
Extended maximum likelihood is used for parameter estimation, accounting for
non-overlapping lists. The “bias-corrected and accelerated” bootstrap procedure
of DiCiccio and Efron (1996) is used for the construction of confidence intervals
while accounting for model selection uncertainty. Crucially, SparseMSE relies on
the assumption of no full-way interaction, meaning that v = 0 in the log-linear

parameterization (2.6) of the model probabilities.

: The dga approach (Madigan and York, 1997; Lum et al., 2015) uses decompos-

able graphical models with hyper-Dirichlet priors and Bayesian model averaging,
as described in section 2.2.4.2, to obtain a population size posterior distribution.
By default, “prior counts” are set to be constant and with value 27, where
L is the number of lists, the prior on the set of decomposable graphs is con-
stant, and the population size prior is the improper prior p(N)oxcl/N. As a
population size estimator, we consider the median of the posterior distribution.
Confidence intervals are obtained by taking equally tailed quantiles of the
posterior distribution. This approach also makes the assumption of no full-way

interaction, meaning that v = 0 in the log-linear parameterization (2.6) of the
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model probabilities.

LCMCR: LCMCR (Manrique-Vallier, 2016) uses the latent class representation
(2.9) together with a stick-breaking prior on the weights w; and a uniform
prior on the list inclusion probabilities A, ;. The stick-breaking prior defines
wy ~ Beta(l, a), we = (1 — wy)ve with vy ~ Beta(l, «), wy = (1 — wq)vs with
v ~ Beta(1, «), and so forth, with « itself being Gamma distributed. By default,
a ~ Gamma(0.25,0.25). The population size N is given the default improper
prior p(N)ocl/N. The posterior distribution of N is approximated through
conjugate Gibbs sampling. By default, we run 200 randomly initialized chains,
each with 100,000 iterations which are thinned down to 100 samples. The
number of latent classes is limited to a maximum number of 10 classes to reduce
computational burden. We summarize the population size posterior distribution

using the posterior median and equally tailed quantiles for confidence intervals.

Independence: Additionally, we consider an independence model as a baseline
point of reference. This is a Poisson log-linear model with no two-way or higher
interaction terms. It is fitted to the data through maximum likelihood, using

the modelfit () function of the SparseMSE R package (Chan et al., 2020).

Remark 3. There are many other models and estimators used for capture-recapture
and multiple systems estimation (Otis et al., 1978; Amstrup et al., 2005; Baillargeon
et al., 2007; Laake et al., 2013; Overstall and King, 2014; Bohning et al., 2017;
Worthington et al., 2021). Our paper focuses on approaches which have previously
been used in multiple systems estimation studies for the quantification of modern
slavery and which are suited to modern slavery data. In comparison, many capture-
recapture models from the population ecology literature require some amount of
experimental control to justify strong underlying assumptions such as assumptions of

independence between lists. To our knowledge, experimental control is not present in
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the modern slavery applications that we consider, which could make the modeling
assumptions ill-suited. Thus, we focus on previously-used techniques with more

realistic assumptions.

2.3.3 Comparison of Estimates

Figure 2.2 shows the comparison of the SparseMSE, dga, LCMCR, and Independence
estimates on the datasets introduced in Section 2.3.1.

All of the approaches considered, except for the independence model, account for
model selection uncertainty, whereas published estimates from past studies did not.
This explains the very narrow uncertainty in some recent published estimates when
compared to the estimates of the SparseMSE, dga, and LCMCR approaches.

Observe that there is general agreement between the estimates. This is particularly
pronounced in the case of the New Orleans and Western U.S. datasets for which
little overlap between lists is available in the data. Only 12 cases appeared in more
than one list in New Orleans, and only 23 cases appeared on more than one list the
Western U.S. Without overlap in the data to accurately estimate interaction terms,
the regularization implicit to these approaches tends to produce estimates that are in
alignment with the independence model estimates.

Overall, the dga and LCMCR estimates tend to be comparable. This is not
something which should be expected givent that the dga and LCMCR models rely on
different identifying assumptions. However, both model contain the independence
model as a particular case. The independence model estimates are similar to most
other estimates, although it provides very narrow confidence intervals on larger
datasets. The SparseMSE estimates notably differ in the cases of the United Kingdom
and of Australia.

In section 2.3.4, we explore some of the sensitivities of these approaches to tuning

parameters which may influence the results. The sensitivity analysis highlights
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challenges associated with the use of each estimator.
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FIGURE 2.2: Comparison of the independence model, SparseMSE, LCMCR and dga
estimates on the modern slavery datasets described in Section 2.3.1. Vertical line
ranges represent 95% confidence intervals. The blue shaded regions represent the

published estimates.

2.3.4 Sensitivity and Convergence Issues

Let us now turn to the sensitivities of the SparseMSE and dga estimates to choices of
tuning parameters, as well as convergence issues with LCMCR. The sensitivities and
convergence issues can be major challenges in practice, even before potential issues

with the data and models are considered. Note that we focus on convergence issue
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with LCMCR, rather than its sensitivity to choices of priors, as this is, we believe,
the most important problem which the approach currently faces. We also ignore the
Independence estimator which requires no tuning parameters.

Throughout, we focus on highlighting issues on datasets for which they are most
noticeable or most relevant. Our goal is to showcase issues which can happen and
which should be evaluated in practice, rather than to provide an analysis for each of

the five considered datasets.
2.3.4.1 Sensitivity of SparseMSE Estimates

We consider the main tuning parameter of SparseMSE — the p-value threshold used
for stepwise model selection. Bales et al. (2015) used a threshold of 0.05 and Chan
et al. (2020) used a threshold of 0.02. Intuitively, we would expect smaller threshold
to lead to bias towards the independence model, whereas a higher threshold allows
for the consideration of more complex models with correspondingly higher estimator
variance. This is not necessarily the case. Figure 2.3 showcases the SparseMSE
estimates on the United Kingdom dataset for p-value thresholds between 0 and 0.1.
While the threshold of 0.02, used in Chan et al. (2020), led to the narrow confidence
interval of between 10,000 and 15,000 potential victims, a very slightly smaller
threshold leads to the much bigger interval of between 10,000 and 30,000 potential
victims. This is surprising behavior - smaller thresholds should correspond to higher
regularization, but they can unexpectedly produce much larger confidence intervals
due to higher model selection uncertainty.

In practice, larger p-value thresholds might be preferable given that they allow
the estimation of more complex interactions between lists. However, if there is no
strong justification for the use of one p-value threshold over another, we recommend
that the range of estimates corresponding to different thresholds be investigated and

reported in applications.
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FIGURE 2.3: Estimates of the SparseMSE approach on the United Kingdom data, for
p-value thresholds between 0 and 0.1. The black line represents the point estimates
and the blue band represents the 95% bootstrap confidence intervals.

2.3.4.2 Sensitivity of dga Estimates

Let us now turn to dga estimates. We explore their sensitivity to reasonable choices
of hyperparameters or prior distributions. There are two prior distributions for which
it may be difficult to elicit informative priors and which we focus on. Specifically,
we consider the choice of “prior counts” which determine the hyper-Dirichlet prior
on decomposable graphs and the choice of prior on the set of decomposable graph
structures.

First, regarding prior counts, Lum et al. (2015) proposes the default § = 2
where L is the number of lists. The choice of § = 27 corresponds to the expected
count under an independence model for which each list has an inclusion probability of
1/2. We extend this prior by considering the expected count under an independence
model where each list has an inclusion probability x > 0. Values k < 0.5 corresponds

to lower probabilities of inclusion on individual lists, which seems more reasonable in
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the context of modern slavery data.

Second, regarding the prior on the graphical structure, we consider a “small-world”
prior restricted to decomposable graphs. That is, each edge in the graph appears
with independent probability 5 € (0, 1), conditionally on the resulting graph being
decomposable (and with the complete graph being excluded as well). Larger values
of B gives more weight to more complex models, while smaller give more weight to

less complex models. The default uniform prior corresponds to setting § = 1/2.
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FIGURE 2.4: Point estimates and 95% credible intervals of dga estimates for the
United Kingdom dataset, with varying values of x (which parameterizes the prior
counts) and 8 (which parameterizes the distribution on graphical structures). In
panel A, f is fixed to a value of 1/2 and x ranges between 0 and 0.5. In panel B,
k = 0.5 and [ ranges between 0 and 1. In panel C, x = 0.1 and [ ranges between 0
and 1.

Figure 2.4 shows estimates resulting from different choices of £ and 3 in application
to the United Kingdom dataset. We see that prior choices can quite heavily influence
estimates and the width of confidence intervals. In practice, unless a particular
prior can be rigorously justified, estimates should be reported for the whole range of
plausible prior distributions. This can be viewed as part of an “objective Bayesian

analysis,” where we acknowledge the difficulty of selecting a prior distribution.
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2.3.4.3 LCMCR Convergence Issues

Like any other Bayesian approach, LCMCR estimates are sensitive prior choices and
ranges of reasonable priors should be explored in practice. However, LCMCR faces an
important additional challenge — the MCMC algorithm used to compute estimates does
not converge in some cases. This problem is due to the non-identifiability of the latent
class model which results in a multimodal posterior distribution. With large datasets,
such as the Netherlands data, the Gibbs sampling algorithm of Manrique-Vallier
(2016) can struggle to explore the posterior distribution.

Figure 2.5 provides the Markov chain Monte Carlo (MCMC) samples used to
approximate the LCMCR posterior distribution of the non-observation probability in
application to the Netherlands dataset. Observe one trace plot for 200 independent
chains, where each chain was run for 100, 000 iterations and thinned down to 100
samples. We find that there are two posterior modes and a lack of mixing between
them. We provide MCMC convergence diagnostics in table 2.3 (left) for the non-
observation probability pg, for the number of unobserved individuals ngs, and for
the number of latent classes k*. The R value (Carpenter et al., 2017; Gelman et al.,
2013) of 1.67 for the non-observation probability, as well as the effective sample size
neg of only 340 for the total number or 20,000 samples across chains, is witness to
non-convergence. Using 20 chains, each running 1000 times longer and thinned down
to 1,000 samples, results in a lower effective sample size. Anecdotically, we have not
been able to run the Gibbs sampler long enough to observe proper mixing of the
non-observation probability.

Given this lack of convergence, we can use a large number of randomly initialized
parallel chains to ensure stability of estimates across replications. This explains our
default choice of 200 independent chains in our analyses. Other more sophisticated

approaches can be used to deal with peaked and multimodal posteriors which mix
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Table 2.3: Convergence diagnostics for LCMCR samples aggregated across chains,
both for our default settings (left) and for 20 chains each run 1000 times longer than
by default (right). Here ny represents the number of unobserved individuals, py is
the non-observation probability, and k£* is the number of latent classes. The large R
values and low effective sample sizes are indicative of poor MCMC mixing.

200 chains of 10° iterations 20 chains of 10® iterations

R Neft Nsamples R Nefr TNsamples
ng 1.67 340.84 2-104 ng 1.46 38.04 2-10°
po 1.67 340.48 2. 10" po 146 3803  2.10°
k* 1.39 455.64 210 k* 1.01 2338.91 2-10°

poorly, such as parallel tempering (Earl and Deem, 2005), using parallel chains
(Gelman et al., 1992), and more (Yao et al., 2020). Implementing these approaches
would be necessary for the application of LCMCR to larger datasets. We only
encounter this issue for the Netherlands dataset, and given the scope of our paper,

we leave this for future work.
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FIGURE 2.5: MCMC traces of the non-observation probability pg for 200 independent
chains using the Gibbs sampler of Manrique-Vallier (2016), applied to the Netherlands
dataset.
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2.4 Internal Consistency Analysis

We now turn to our first analysis of the accuracy of MSE estimates in application
to data from modern slavery studies. This analysis relies on subsets of the data for
which “ground” truth is available, which means that the true population size is already
known. This was termed an “internal consistency analysis” by Hook et al. (2012) (see
also Hook and Regal (2000); Brittain and Bohning (2009)). This provides a way to
evaluate the accuracy of MSE on relevant datasets. The way in which ground truth
data is obtained is described in section 2.4.1 and the performance of MSE estimators
on this data is described in section 2.4.2. Limitations of this approach which motivate

the rest of our paper are discussed in section 2.4.3.

2.4.1 Ground Truth Data Through Conditioning

To illustrate how we obtain data with ground truth, consider the United Kingdom
dataset reproduced in table 2.1. This dataset contains five lists, including the local
authorities (LA) list. Conditioning on cases being recorded by the LA list and
omitting the LA list itself, we obtain the conditioned data shown in table 2.4. In
addition, we know that a total of 94 cases have appeared on the LA list. We may
therefore attempt to use the conditioned data, which record 40 cases having appeared
on the LA list as well as on other lists, in order to estimate the total of 94 cases
which appeared on the LA list. Here the LA list is our reference list, and 94 is the

ground truth population size for the conditioned data.

2.4.2 Analysis and Results

The process of using a reference list to obtain conditioned data and a corresponding
ground truth is repeated for every dataset in table 2.2 and for every list. Datasets

with fewer than 30 observations are discarded, resulting in the total of 11 conditioned
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Table 2.4: United Kingdom dataset conditioned on the LA list. Note that no cases
appeared on both the LA list and the GP lists.

|15 19 3|1 1 1

NG | x X X X
PFNCA X X X
GO X X X

Table 2.5: Description of conditioned datasets with more than 30 observations.

Dataset Reference list Ground truth +# observations # overlap
LA 94 40 3
. . NG 567 104 7
United Kingdom  ppyop 1169 174 6
GO 807 112 6
10 929 173 13
K 1348 49 0
Netherlands P 4812 346 14
R 742 92 3
Z 848 216 12
. B 7 64 23
Australia C 9260 62 99

datasets described in table 2.5. The SparseMSE, dga, LCMCR and Independence
estimators are then applied to these datasets, and the point estimates N are compared
to the ground truth population size N, resulting in the log relative bias, log(N/N).

In table 2.6, we report its empirical mean E[log N/N], its root mean square
error (RMSE) E[(log N/N)?)], and its median, after removing the outlying results of
Netherlands’ list K (for which no overlap data is available). Additionally, we report
the empirical coverage of 95% confidence intervals. Figure 2.6 shows the estimates
and ground truth for every conditioned dataset.

The SparseMSE point estimate appears to perform best, with low mean and
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Table 2.6: Summary results of the internal consistency analysis. Best results are
bolded in each column.

Estimator Mean RMSE Median Coverage

dga -0.34  0.60 -0.22 0.80
Independence -0.29  0.55 -0.28 0.88
LCMCR -0.52  0.72 -0.50 0.60

SparseMSE -0.17  0.63 -0.15 0.90

median log relative bias. Otherwise, the point estimate are all roughly comparable.
Regarding confidence intervals, lower bounds are smaller than the ground truth in
all cases (excepted with SparseMSE applied to the Netherlands dataset conditioned
on list K). It is interesting to note that the Independence model does not perform

worse than other approaches.

Australia Netherlands United Kingdom
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)
N52 7 = Model
5 v m o2
<
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o { LcMmcr
o
ém 10 > SparseMSE
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Reference list

FIGURE 2.6: Results of the internal consistency analysis for every considered dataset
and reference list. The black horizontal lines represent ground truth population size.
Estimates and 95% confidence intervals are represented by points and vertical lines.

Overall, the results of the internal consistency analysis are highly encouraging.

Lower bounds of the confidence intervals are almost always lower than ground truth,
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and estimates tend to be close to the ground truth. Coverage of SparseMSE is almost

nominal at 90%.

2.4.3 Limitations

The main limitations of the internal consistency analysis are that the conditioned
datasets for which ground truth is available are few in number and are not entirely
representative of the modern slavery application. There are two main issues here: (1)
the conditioned datasets are small and contain little overlap data; and (2) conditioning
on a large list necessarily removes from consideration the features of unobserved
individuals. That is, regarding point (2), issues of individual heterogeneity and of
certain interaction between lists may be removed by conditioning. Our observations
regarding the accuracy of estimates on conditioned datasets may therefore not be
generalizable to real applications.

Regarding issue (2), section 2.5 next evaluates the bias which can be expected in
the presence of individual heterogeneity. That is, we provide a novel characterization
of the bias of MSE estimators when underlying assumptions are not satisfied. This
characterization is used to compute the bias of estimates under various heterogeneity
models. In order to address issue (1), we propose in section 2.6 a visual resampling

technique to evaluate the robustness of estimates on practical datasets.

2.5 Bias Under Misspecified Assumptions

Throughout the paper, we have mentioned how population size estimation relies on
an untestable assumption of the form A3. In this section, we investigate assumption
A3.1 of no full-way interaction term in the log-linear model. We consider the set of
estimators which are consistent under A3.1, used in modern slavery studies, and we
characterize their asymptotic bias when this assumption is misspecified (Theorem
1). In section 2.5.2, we consider the consequences of individual heterogeneity on the
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bias of population size estimators. We chose heterogeneity models for their relevance
to the modern slavery application, as individual characteristics necessarily affect list
inclusion probability. Proposition 2 describes the sign of the bias under a general
heterogeneity model. We discuss the case of a Beta heterogeneity model in section
2.5.2.1. Figure 2.7 illustrates the magnitude of the bias under the Beta heterogeneity
model as a function of a precision parameter and of the number of lists. The results

are summarized in section 2.5.3.

2.5.1 Characterization of the Asymptotic Relative Bias

A standard asymptotic framework for MSE (Chao et al., 2008) considers the large
population limit N’ — oo, where the list inclusion patterns {W;}2; (see Section 2.2.2)
are independent and have distribution (2.3). In addition, the counts {n,},+0 are now
a function of N as specified by (2.2). In this context, we can define the consistency

property of population size estimators N , which are functions of {n,},+0.

Definition 1 (Consistency). A population size estimator N is said to be consistent,

for the model specified by (2.3), if N/N — 1 almost surely as N — 0.
Departure from consistency is quantified by the asymptotic relative bias.
Definition 2 (Asymptotic relative bias). The asymptotic relative bias of a population

size estimator, for the model specified by (2.3), is defined as

lim ——— (2.10)

when this limit is well-defined and almost surely constant.

As noted in Proposition 1, no population size estimator is consistent for all
models. Theorem 1 characterizes the asymptotic bias of all estimators which would

be consistent under assumption A3.1, when in fact this assumption is misspecified.
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Note that all convergence statements are understood to happen with probability one

(i.e. almost surely).

Theorem 1 (Characterization of the asymptotic relative bias). Let N be any popula-
tion size estimator which is consistent under assumption A3.1 of v =0 (no full-way
interaction) in the log-linear representation of the model. Then the relative asymptotic
bias ofN exists and is given, when 7y is not necessarily equal to zero, by

N-N

. N-N _ -
]\lflinoo I po(e” —1). (2.11)

See Appendix 2.8.2 for the proof of Theorem 1.

Remark 4 (Lower and upper bound estimators). Theorem 1 shows that population
size estimators which would be consistent when v = 0 become lower bound estimators
when v < 0 and upper bound estimators when ~ > 0. That is, when v < 0 or v > 0,

N becomes a consistent estimator of a portion or of a multiple of N.

Theorem 1 can be equivalently expressed as providing a first-order approximation

to population size estimators.

Corollary 1. Any population size estimator N which is consistent in the absence of

full-way interaction term between the lists has the approximation

N= (1 e+ o(1)) Tlobs (2.12)

where 7y is defined in (2.7) and o(1) is a term which tends to zero as N — .

Proof. Using the fact that limy . nops/IN = 1 — po, we can rearrange (2.11) as

lim =1+ £2-¢.
N—0 Tohg ~po
Equivalently, % =1+ el + o(1) and the result follows directly. ]
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2.5.2 Bias in the Presence of Individual Heterogeneity

We now use Theorem 1 to consider the consequences of individual heterogeneity on
the bias of estimators which assume no full-way interaction among lists. Recall that
these estimators are the ones being used in the context of modern slavery studies.
Since individual heterogeneity is to be expected in this application, it is important
to evaluate its practical consequences. In this section, we show that individual
heterogeneity is incompatible with the assumption of no full-way interaction among
lists. Also, we precisely quantify the effect of reasonable heterogeneity models on the
bias of estimates.
Assume that each individual i = 1,2,..., N has an individual list appearance
probability
N~ B (2.13)

where F' is a distribution supported on (0, 1], and
PW; = x| A) = A1 =X\l o= (2, 2) € (0,13 (2.14)

where |z| = 3% | #;. The inclusion patterns W; are still independent and they are

marginally distributed as
pe = B(W; = 2) = E | A1 = a2 (2.15)

Using the notations of Otis et al. (1978), this is termed an M), model allowing
individual-specific inclusion probabilities.

Proposition 2 illustrates some of the consequences of ignoring heterogeneity for
estimators which are consistent under the assumption of no full-way interaction term.
In the context of two lists, heterogeneity implies a negative bias. With more than two
lists, the bias may be positive or negative. This can be constrasted with the behavior

of other classes of estimators. For instance, Horvitz-Thompson type estimators which
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wrongly ignore heterogeneity always have a negative bias for any number of lists

(Hwang and Huggins, 2005).

Proposition 2. Let N be a population size estimator which is consistent under the
assumption v = 0 in (2.7). In the context of two lists (L = 2) and for the latent
heterogeneity model (2.15), necessarily limy_, NN < 0. With three or more lists,

the asymptotic bias is positive in some cases and negative in others.

Proof. From Theorem 1, it suffices to compute v in the context of the heterogeneity

model (2.15). In the two lists setting,

<0

oy LE g]m D)

ENTELN = )%

by the Cauchy-Schwartz inequality, and hence N is negatively biased, asymptotically.
With three and four lists, it is easy to find examples where the bias is positive or

negative. [
2.5.2.1 Beta Heterogeneity Model
In order to make Proposition 2 more concrete, consider the case where

\i ~“4% Beta(a, b),

and again
L
PW; = | X)) = [[AF( =)' o= (2. 2) € {0,1}". (2.16)

i=1

The inclusion patterns W; are marginally distributed as

pr = P(W; = x)ocl'(a + |z|)T'(b+ L — |x|). (2.17)
Furthermore,
CTla+b)P+L) [ b \©
PO rraro+1) (a n b) (2.18)
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and

y==> (-1 (2) log (T(a + k)T'(b + L — k)) .

k=0

2.5.2.1.1 Two-Lists Beta Model

In the context of two lists, where L = 2, Theorem 1 simplifies as

y N-N atb+1l \ _ 1 1 — 0
vee N P \arnern) S TP\ e e 1f) S

For example, with ¢ = 1 and b = 8, it follows that 20% of the cases are observed
on average. The asymptotic relative bias is —4/9 and N ~ gN . As a — 0, the

asymptotic relative bias tends towards —100%.

2.5.2.1.2 Three-Lists Beta Model

In the context of three lists, we obtain

B a(b+1)*(a +2)
7 = log (b(a T 120+ 2)) ‘

This is positive when E[\;] > 1/2 and negative when E[\;] < 1/2; there is a positive

bias in the first case and a negative bias in the second. Note, however, that this
simple expression for the sign of the bias does not hold outside of the Beta model. In

general, the sign of the bias is also linked to higher moments of \;.

2.5.2.1.3 Multi-Lists Beta Model

Now consider a Beta model with L lists, where using (2.18) we fix po ~ (b/(a+b))* =
3/4 and we let the precision parameter a + b of the list inclusion probabilities \; vary.
As a + b tends to infinity, individual heterogeneity is reduced, while small positive

values of a + b represent high heterogeneity.
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Figure 2.7 shows the asymptotic relative bias of population size estimators as a
function of the precision a + b of the Beta distribution and of the number of lists
L. Note that there is a significant reduction of the relative bias when going from
two to three lists. However, differences between using three to six lists are negligible.
Furthermore, even for reasonably low heterogeneity levels (a + b ~ 5, meaning a
standard deviation for the list inclusion probability of about 0.12 when L = 3), we
find a relative bias of about —50%. This means that estimates will be two times too

small.
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FIGURE 2.7: Asymptotic relative bias of population size estimators (assuming no
highest order interaction) as a function of the precision parameter a + b in the Beta
model formulation and where we have fixed po ~ (b/(a + b))* = 3/4.

2.5.3 Summary

We have demonstrated how Theorem 1 can be used to evaluate the bias of estimates
when the data has characteristics which break the assumption of no full-way interaction
term. In particular, individual heterogeneity can result in substantial bias which

can be either positive or negative. Furthermore, using more than three lists does
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not substantially reduce the consequence of individual heterogeneity under the Beta
model which we considered.

The issue of individual heterogeneity has been addressed in some past studies
through stratification or modeling. However, other issues remain even if heterogeneity
can be accounted for. The most important might be observer effets. For example, an
individual observed by one list might cause it to not appear on any other, or there
might be systematic referal mechanisms between organizations. Theorem 1 provides
an avenue to evaluate the consequences of these data characteristics on the bias (and

ultimately accuracy) of estimates.

2.6 Visual Assessment of Robustness

Resampling techniques, including model-based and nonparametric bootstrapping
approaches, provide powerful tools for the analysis of estimator properties in ap-
plication to real data (Efron, 1982). In particular, they may be used to estimate
the bias of point estimates and the coverage of confidence intervals. However, such
analyses rely on technical assumptions (Hall, 1992). They can be sensitive to modeling
assumptions, and theoretical guarantees are only valid in large samples (including
the need for large amounts of overlap data). In order to avoid any controversy of the
kind found in Whitehead et al. (2019) and Vincent et al. (2020a) regarding the setup
of such experiments, we propose a simple visual assessment of estimate robustness
and reliability. Our goal is that this visual assessment will be non-controversial
and meaningful in practical applications. Our proposal is described in Section 2.6.1.

Section 2.6.2 applies our tool to the aforementioned modern slavery datasets.

2.6.1 Visualizing Estimate Trajectories

We propose to consider the series of estimates which would have been obtained if

the data had been collected sequentially. That is, we consider series of estimates
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obtained as a function of the number of observed individuals. While this depends on
the (unknown) order in which individuals have been observed, we may sample the
order at random in order to obtain representative samples. The series can also be
extended beyond the total size of the reported dataset through resampling.

The behavior of the series may be indicative of convergence towards a stable
estimate, or, if it is largely unstable, this can point to potential issues. Its behavior
can also be compared to what would be expected under a simple independence model
fitted to the data, or under a more complex model fitted to the data. Differences
between the behaviors of the series would then indicate a lack of fit of these simple
or more complex models.

To be more precise, consider a dataset D = {W;}"_, of n observations, where each
W; € {0,1} is an observed list inclusion pattern. From this dataset, we construct
a series {Z;}"_; which represents a hypothetical ordering of the observations in D.
This is obtained by choosing a permutation o of {1,2,...,n} at random and setting
Z; = We(;). Furthermore, the series Z; is extended to 2n > i > n by choosing a second
random permutation 7 and setting Z,,;, = Wy, for 1 < ¢ < n. This series {Z;}
represents an hypothetical sample path of list inclusion pattern. The corresponding
population size estimates, each computed using the first nops data points {Z;}:<4, are
the estimate trajectories which we focus on.

Figure 2.8 shows such trajectories of dga estimates on data from an independence
model fitted to the United Kingdom dataset. That is, we have simulated a single
dataset from the independence model and then applied our proposed procedure to
it which provides different estimate trajectories for this data. Panel A shows a
single trajectory with point estimates and confidence intervals. Panel B shows point
estimate trajectories corresponding to 50 random orderings. The horizontal dotted
line represents ground truth. The behaviour of these trajectories can be considered

a best case scenario, given that the data came from a simple independence model.
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This can be compared with the application to real data in the following section.
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FIGURE 2.8: Trajectories of dga estimates (as the ratio of estimated population size
to number of observations) on data simulated from and independence model fit to the
United Kingdom dataset. The horizontal line represents ground truth population size.
Panel A shows a single trajectory together with the 95% credible intervals. Panel B
shows 50 random trajectories for the same dataset.

2.6.2 Application to Real Data

We now present the result of our visualization in application to the United Kingdom
and Netherlands datasets. We focus on these two datasets because they are the
largest and they are the ones for which sensitvity to individual observations is most
noticeable.

Figure 2.9 shows trajectories of estimates in application to the United Kingdom
dataset. Figure 2.10 shows trajectories of dga and SparseMSE estimates in application
to the Netherlands dataset. LCMCR and independence estimate trajectories have
been omitted from figure 2.10 since, like in the case of the United Kingdom data,
they did not showcase high sensitivites. The thin vertical lines indicate the number

of observations at which the estimate trajectories coincides with real data estimates.
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FIGURE 2.9: Visualization of estimate trajectories (as the ratio of estimated popula-
tion size to number of observations) for the United Kingdom dataset. The horizontal
line represents ground truth population size. The thin vertical lines indicate the
number of observations in the United Kingdom dataset, at which the trajectory
estimates coincide with real data estimates.

Looking at Figure 2.9, the Independence and LCMCR estimates appear quite stable
on the United Kingdom dataset. On the other hand, the dga and SparseMSE estimates
are much more sensitive to individual observations. Regarding dga estimates, while
95% credible intervals are relatively stable, the point estimates (posterior median) can
significantly change as the result of observing only a few additional cases. Regarding

SparseMSE estimates, the narrow confidence interval obtained on the United Kingdom
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FIGURE 2.10: Visualization of estimate trajectories (as the ratio of estimated popula-
tion size to number of observations) for the Netherlands dataset and for the dga and
SparseMSE estimators. The thin vertical lines indicate the number of observations in
the United Kingdom dataset, at which the trajectory estimates coincide with real
data estimates.

dataset appears to be a fluke. With only a few less or a few more observations, the
confidence interval becomes much larger, to between around 4 and 12 times the
number of observed cases. This suggests that bootstrap confidence intervals used by
SparseMSE may sometimes fail to properly account for uncertainty.

In the case of the Netherlands dataset shown in Figure 2.10, the behavior of the
dga and sparseMSE estimates is quite different. The 95% credible regions of dga
now fluctuate much more, while SparseMSE point estimates are less stable in larger
samples.

In practice, the estimate trajectories can help diagnose lack of robustness. In the
case of the SparseMSE estimate for the United Kingdom dataset, for instance, Figure
2.9 shows strong sensitivities and confidence intervals which are too narrow. This

should be addressed by considering a broader range of plausible estimates.
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2.7 Discussion

MSE has unique potential in helping assess the true scale of modern slavery. However,
long-standing controversy in the literature have come in the way of the broader
implementation of MSE methodology. As such, we address three major issues
debated recently, namely, statistical aspects of MSE assumptions, robustness, and
accuracy. First, we review the current state of the MSE literature, commonly used
methods, and all publicly available modern slavery datasets. Next, we provide a
reproducible analyses evaluating the accuracy of estimates, the consequences of MSE
assumptions, and the robustness of estimates to small changes in data. Specifically,
we utilize the internal consistency approach of Hook et al. (2012) to evaluate the
accuracy of estimates when ground truth is available (section 2.4). Then, we assess
the consequences of MSE assumptions through a novel characterization of large
sample bias (section 2.5). Finally, we propose a visual assessment of reliability and
robustness (section 2.6). Our work highlights important practical and methodological
challenges with MSE, which we summarize below. In addition, we comment on future

methodological research.

2.7.0.0.1 Practical Challenges and Recommendations Our work highlights
some important statistical challenges practitioners face when using MSE to quantify
modern slavery. First, we have shown in section 2.3.4 how estimates can be highly
sensitive to the choice of tuning parameters. Due to this, we recommend for sensitivity
analyses to be conducted, evaluated, and reported in all applications. Second, we have
shown (section 2.6) that estimates can be highly sensitive to individual data points.
Our proposed visualization of estimate trajectories can be used by practitioners as a
diagnostic tool moving forward in analyses. Third, we have shown (section 2.5) that

assumptions underlying MSE are highly influential. In particular, we have quantified
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how reasonable individual heterogeneity models can affect the bias of estimates from
models used in practice. Thus, we recommend that users report, discuss, and justify
underlying assumptions in their work moving forward. Ideally, enough information
about data collection should be provided for these assumptions to be scrutinized. To
summarize, this provides a set of simple guidelines and recommendations that can
be used in MSE studies, complementing other recommendations that have been put

forth (Hook and Regal, 1999).

2.7.0.0.2 Future Methodological Research

The statistical challenges which we have highlighted point at a problem of under-
specification (D’Amour et al., 2020). In our context, this means that many seemingly
reasonable approaches to MSE can give different results. There are two main reasons
for this. First, there is the choice of underlying assumption of the form A3 which we
have discussed and shown to be highly influential. Aleshin-Guendel et al. (2021) has
provided first steps towards emphasizing the role of these assumptions, but further
work is needed to assess their suitability in real applications and to propose meaningful
alternatives. Second, even if an assumption of the form A3 can be justified, we have
shown how estimates can be highly sensitive to tuning parameters and individual
data points. That is, small errors or changes in data and arbitrary choices in model
fitting procedures can lead to vastly different estimates. Methodology accounting for
noise in the data, record linkage errors, and other sources of uncertainty, are needed

to address these issues.

2.7.0.0.3 Software
Code and data for all analyses presented in this paper are available at http:

//github.com/0livierBinette/MSETools
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2.7.0.0.4 Appendix
The appendix contains summaries of the datasets considered in this paper and

proofs which were omitted from the main text.

2.8 Appendix

2.8.1 Datasets Summary

United Kingdom Silverman (2014); Bales et al. (2015) considered data on potential
victims of modern slavery collected as part of the National Crime Agency
Strategic Assessment (United Kingdom Human Trafficking Centre, 2014). This
data identifies potential victims reported by six different sources of information in
2013: the police force (PF), the National Crime Agency (NCA), local authorities
(LA), governmental organizations (GO), non-governmental organizations (NG),
and the general public (GP). A total of 2744 cases are recorded, including 221
cases which appeared on more than one list. No cases appear on both the LA
and GP lists, nor on both the LA and NCA lists. This may be due to the small
size of the LA list (94 cases), to the way that the lists were constructed as part
of the Strategic Assessment, or due to other unknown factors. No covariate
information, such as the type of exploitation, country of origin, or demographic
variables, is available for the potential victims. The mechanisms through which
cases came to be observed on only one list or on more than one lists, such as
the referral pathways between organizations, are not described. Using this data,
Silverman (2014); Bales et al. (2015) inferred a total of between 10,000 and
13,000 potential victims in the UK in 2013.

New Orleans Bales et al. (2019) carried out a similar MSE study in the Greater
New Orleans region of the United States. Eight (anonymous) organizations

reported together a total of 185 “confirmed cases of human trafficking” for 2016,
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including 14 victims who appeared on more than one list. The authors noted
challenges associated with this data, notably the definitional ambiguity of human
trafficking cases and the differing goals of some organizations. One organization
worked only with victims of labor trafficking, one only with victims of labor
trafficking who were also victims of sex trafficking, another only reported victims
of both sex trafficking and labor trafficking, and five only reported victims of sex
trafficking. No covariate information is publicly available nor used in this study.
Using this data, the authors inferred between around 650 and 1700 victims in

2016.

Netherlands van Dijk et al. (2017) estimated the number of trafficked victims in
the Netherlands disaggregated by sex, age, form of exploitation, nationality,
and year between 2010 and 2015. This used data from a state-sponsored NGO,
CoMensha, to which presumed cases of human trafficking are reported by the
police and other organizations. The sources of information were grouped into six
lists, the border police (K), the inspectorate (I), residential centers/shelters (O),
national police (P), regional coordinators (R) and others (Z). A total of with
8,234 cases were observed, including 432 cases which appeared on more than
one list. Only the aggregated data, with no covariate information, is publicly
available. The authors noted challenges with this data, notably the definitional
ambiguity of reported cases. In particular, the border police reported cases
which do not correspond to the international definition of human trafficking.
This lead the authors to produce estimates for both the inclusion and exclusion
of this list. The authors also noted that the inclusion of covariates resulted in a
significant change in estimated population size. Using covariates and all lists,
they estimated around 42,000 victims. Using the same approach but ignoring

covariates, they obtained an estimate of around 58,000 victims.
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Western U.S. Farrel et al. (2019) investigated the reporting and data collection
mechanisms in place at law enforcement organizations regarding cases of human
trafficking. They also carried out MSE studies at two locations, including at
the “Western site” for which aggregated data is publicly available. This data
records a total of 345 individuals which appeared in four lists, including a
law enforcement list and three community service provider lists. A total of 23
individuals were observed in more than one list. The authors used covariate
information with multiple imputation for missing data in order to obtain an

estimate of between around 1,600 and 3,600 victims in the Western site in 2016.

Australia Lyneham et al. (2019) reproduced the study of Silverman (2014) with
data collected by the Australian Federal Police. The dataset which appears
in Lyneham et al. (2019) and which we have use consists of four lists and a
total of 414 cases of victims observed between 2015-2016 and 2016-2017. The

authors estimated between 900 to 1,500 total victims for this time period.

Other studies Other MSE studies for the quantification of modern slavery have
been carried out in Serbia, Ireland, Romania and Slovakia (UNODC, 2018a,b,c;

Vincent et al., 2020a). Data is not publicly available in these cases.

2.8.2 Proof of Theorem 1

The proof of the Theorem is separated in four parts. First we set up notation and the
background of the problem. Steps 1-3 then provide the main ingredients necessary
to establish (2.11). While the proof is not complex, it does require a certain level of

detail. Note that, throughout, convergence is meant to be in the almost sure sense.

52



Setup

Let us make explicit the dependency of the counts n, on N by writing

ntV) = #{i < N:W; =z}, ze{0,1}\{0},n®™) = Z nv), (2.19)
r+0
where W;, i = 1,2,3,..., is an independent sequence defined as in (2.3).

The count process (nch))x:,:O, for N =1,2,3,...,is a Markov chain with distribu-

tion defined through the following:

1. given (ng(gN))m#o, with probability pg we have (nchH))z#o = (ng(cN))x#O;

2. otherwise, for z € {0,1}\{0} distributed with probability mass function ¢,, we

(N+1) (V)

have ng =n; ’ +1and AR

ml

ni{v) for every 2’ + x.

Now recall that if v = 0, then for any sequence (n(mN))x#O distributed as above we

have

N ((n)s0) /N — 1 (2:20)

(almost surely) as N — oo, by assumption and definition of consistency.

Here, since we do not assume that v = 0, our argument instead relies on the

fact that there exists a random subsequence Ny, k = 1,2,3,..., such that (ng(gN’“))x#o,
k=1,2,3,... corresponds to the count process of a model with no full-way interaction

and therefore

N((n™),10)/k — 1 (2.21)

T

as k — oo. This is shown in Step 1 below. In Step 2, we show that the sequence N
satisfies Ny, /k — (1 — pg)/(1 — po) almost surely as k — oo, allowing us to compute
the limit of the ratio N((néN‘“))l,#O)/Nk. Step 3 shows that the relative asymptotic

bias of N exists and we then easily deduce its form.
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Step 1

Here we define a random sequence Ny, k = 1,2, 3, ..., such that N((ngN’“))ﬁO)/k — 1

as k — c0. Let py > 0 be defined as

po€”

Po _ _Po
1 = po + poe”

e 2.22
1 —ph 1 —po (222)

. / _—
) pO_

and for x + 0 let p/, = (1 — py)g.. The probabilities p’, z € {0,1}*, define an

alternative model to (2.3) for which

/

/ 1_/2)
%:H%ﬂz%zmlyﬂ%(ﬁ@i@»ﬂ. (2.23)
0

/
0 Qeven

Now let us define the random sequence Ny as follows as a function of {(ngN))m#o}ﬁzl.
Let 0 = sp < 51 < $9 < 83 < --- be th sequence of integers such that s; is the smallest
integer satisfying n(*) = i. Let t;, %2, t3,... be an i.i.d. sequence of geometric random

variables with mean 1/(1 —pp), let Tj = >, t;, and let

Ne= >} (si—sim). (2.24)

i Ty<k
That is, Nj is such that N = s; when T; < k < T — 1.
By construction, the distribution of (ngN’““))m#o given (ng(cN’“))m#o is the following;:
1. nWk+1) = (k) with probability pj;
2. otherwise nS ") = n™) 11 for some z distributed following ¢, and nil,v’““) =

nij,vk) for ' + .

This is exactly the distribution of a count process obtained from the model with

probabilities p/, defined in (2.22) and (2.23). These probabilities satisfy the no full-way
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interaction assumption A3.1, and it follows from the consistency of the estimator N
that
N ((nN)),00) Jk — 1 (2.25)

T

as k — 0.

Step 2

This step shows that Ny/k — (1 — py)/(1 — po) as k — oo. Note that the variables
s; — s;_1 are independent with a geometric distribution of mean 1/(1 — pg) and they
are independent from the variables 7. By the strong law of large numbers, we have
1 J
Jwﬂj=3§]&—&4)a(1—myﬂ (2.26)

i=1

and
1 J
T;/j = EZti — (1 —pp)~! (2.27)
=1

as j — 0. Hence dividing the two we obtain N, /T; — (1 — pg)/(1 — po) as j — .
Now for j = j(k) such that T < k < T}j;1, we have N = Np, and
Nr, T;

7% 0o/ p) (2.28)

NiJk =

follows from the fact that Tj/k — 1 as k — co.

Step 3

Combining steps 1 and 2, we obtain that N((nchk))x4:0)/Nk — (1 —po)/(1 —pg) as
k — oo. It can easily be verified that (nch))ﬁ:O is also a subsequence of (nggN’“))ﬁ:O,

and therefore N/N converges with

N/N = N((n{")at0)/N — (1= po)/(1 ~ pp)
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Using expression (2.22) for py and simplifying, we obtain (2.11). This concludes the

proof.
2.8.3 Proof of Proposition 1

Suppose there exists a consistent population size estimator N for a model for which
no function f satisfies the condition of Proposition 1. That is, there exists two sets
of probabilities p, and p,, = € {0,1}F, such that po + o while ¢, = p./(1 — po) =
P2/(1 — po) = G, for z & 0.

Continuing with similar notations as in the proof of Theorem 1, let nt and

ﬁ;N), x % 0, be the two sequences of observed counts corresponding to the model

probabilities p, and p’,, respectively. Let n®¥) = M, 7 = AN and
T z£0 z+0
let s; and 3j, be sequences of the smallest integers satisfying n(**) = k and 76+ = k.
Since N((n, 1)y s a subsequence of N((n, (MY and by consistency of N , we
z+0 x+0
have that N((nx)i’;o)/sk — 1 almost surely as & — o. For the same reasons,

]\Af((ﬁx)ﬁ“()))/ék — 1 almost surely as k — oo.

Now notice that the two sequences (n,);%, and (ﬁx)i’;o have exactly the same

distribution since ¢, = ., © # 0. Therefore N((nx)is;%)/ﬁ((ﬁx)isﬂ)) — 1as k — .

It follows from the above that si/3p — 1. However, this can only happen if
Po = Po, which is not the case here. Indeed, the increments s, — s are independent
with geometric distribution of mean (1 — pg)~!, and by the law of large numbers it
follows that s;,/k — (1 — po)~*. Similarly, $x/k — (1 — po)~!, from which it follows

that Sk/gk - (14—-ﬁ0)/(1 —-po) #=1.
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3. Estimating the Performance of Entity Reso-
lution Algorithms: Lessons Learned Through
PatentsView.org

This chapter reproduces Binette et al. (2023). Motivated by PatentsView.org, a
U.S. Patents and Trademarks Office patent data exploration tool that disambiguates
patent inventors using an entity resolution algorithm, the chapter introduces a novel
evaluation methodology for entity resolution algorithms. We provide a data collection
methodology and tailored performance estimators that account for sampling biases.
Our approach is simple, practical and principled — key characteristics that allow us to
paint the first representative picture of PatentsView’s disambiguation performance.
This approach is used to inform PatentsView’s users of the reliability of the data and

to allow the comparison of competing disambiguation algorithms.

3.1 Introduction

Entity resolution (also called record linkage, deduplication, or disambiguation) is the
task of identifying records in a database that refer to the same entity. An entity may be
a person, a company, an object or an event. Records are assumed to contain partially
identifying information about these entities. When there is no unique identifier (such
as a social security number) available for all records, entity resolution becomes a
complex problem which requires sophisticated algorithmic solutions (Herzog et al.,

2007; Christen and Christen, 2012; Dong and Srivastava, 2015; Ilyas and Chu, 2019;
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Christophides et al., 2021; Christen, 2019; Papadakis et al., 2021; Binette and Steorts,
2022a).

For instance, the U.S. Patents and Trademarks Office (USPTO) makes available
patent data dating back to 1790 (digitized full-text data is available from 1976).
However, there is no standard for uniquely identifying inventors on patent applications.
The result is a set of ambiguous mentions of inventors, where a single person’s name
may be spelled in different ways on two applications and where two different inventors
with the same name may be difficult to distinguish. Inventor mobility further
complicates the use of contextual information for disambiguation.

The problem of disambiguating inventor mentions has attracted much interest
in the field of economics, computer science, and statistics. Following seminal works
(Trajtenberg and Shiff, 2008; Ferreira et al., 2012; Ventura et al., 2013; Li et al., 2014),
a disambiguation competition was held in 2015 leading to the disambiguation system
currently used by PatentsView.org within the USPTO. Since then, disambiguation of
U.S. patents data has been of continued research interest (Ventura et al., 2015; Kim
et al., 2016b; Yang et al., 2017; Morrison et al., 2017; Miiller, 2017; Traylor et al.,
2017; Balsmeier et al., 2018; Tam et al., 2019; Monath et al., 2019; Doherr, 2021a).
To provide more details, PatentsView.org is a patent data platform maintained
by the Office of Chief Economist at the USPTO and the American Institutes for
Research (AIR). Through its data visualizations, search tools, data products, and
Application Programming Interface (API), PatentsView now serves a wide variety
of audience including students, educators, researchers, policymakers, small business
owners, and the public (Toole et al., 2021). Since the first release of the results
from the disambiguation competition held in 2015, the disambiguated inventor data
continues to be one of PatentsView’s most popular data product.

Unfortunately, evaluating the performance of entity resolution systems is a difficult

problem. In the case of PatentsView’s disambiguation system, no principled evaluation
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methodology is available to measure performance, to inform users of the reliability of
the data, and to support methodological research to improve upon PatentsView’s dis-
ambiguation algorithms. The state-of-the-art in entity resolution evaluation, namely
computing performance evaluation metrics (precision, recall, etc.) on benchmark
datasets, leads to misleading and highly biased performance metrics as shown in
section 3.1.1. This is concerning given the many scientific uses of PatentsView’s data:
prior to June 2021, 179 research studies cited PatentsView as a data source, including
around 25% from the field of economics (Toole et al., 2021). A common theme of
research is the study of the relationship between public policy, inventor mobility, and
inventor demographics, on innovation and patenting. This requires accurate inventor
disambiguation to track inventors and entities through the breadth of patent data.
Our paper therefore addresses the problem of evaluating the accuracy of PatentsView’s

disambiguation, for the purpose of informing users of the reliability of the data and
in order to support methodological research to improve upon PatentsView’s disam-
biguation algorithm. We propose novel evaluation methodology that is principled
and cost-effective, and we demonstrate its effectiveness to evaluate PatentsView’s
disambiguation. We expand on the challenges of evaluation, past work, and our

contributions, in section 3.1.1. Below, we review terminology used throughout.
3.1.0.1 Terminology

We consider a database of records, where each record represents a mention to a given
inventor (e.g., the first inventor of Patent number 12345). In this context, the records
are also referred to as inventor mentions. The goal of entity resolution is to cluster
inventor mentions acccording to the entity (real-world inventor) to which they refer.
Clusterings obtained from algorithms are referred to as predicted clusters or predicted
disambiguations, whereas the (unknown) clustering corresponding to the true set of

inventors is referred to as the ground truth. Two inventor mentions are said to match
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or to be a true match if they refer to the same inventor. If two inventors are in the
same predicted cluster, then they are a link, or a predicted match. The proportion of
true matches among all predicted matches is called the pairwise precision, while the

proportion of predicted matches among all true matches is called the pairwise recall.

3.1.1 The Evaluation Problem

The entity resolution evaluation problem is to extrapolate from observed performance
in small samples to real performance in a database with millions of records. Wang
et al. (2022) refer to this as bridging the reality-ideality gap in entity resolution, where
high performance on benchmark datasets often does not translate into the real world.
Here, performance may be defined as any combination of commonly used evaluation
metrics for entity resolution, such as precision and recall, cluster homogeneity and
completeness, rand index, or generali zed merge distance (Maidasani et al., 2012).
These metrics can be computed on benchmark datasets for which we have a ground
truth disambiguation. However, the key evaluation problem is to obtain estimates
that are representative of performance on the full data, for which no ground truth
disambiguation is available. This is challenging for the following reasons.

First, entity resolution problems do not scale linearly. While it may be easy
to disambiguate a small dataset, the opportunity for errors grows quadratically in
the number of records. As such, we may observe good performance of an algorithm
on a small benchmark dataset, while the true performance on the entire dataset
may be something else entirely. This particular effect of dataset size in entity
resolution is explored in Draisbach and Naumann (2013) in the context of choosing
similarity thresholds. This is a problem that PatentsView.org currently faces. Despite
encouraging performance evaluation metrics on benchmark datasets, with nearly
perfect precision and recall reported in the latest methodological report (Monath

et al., 2021), the data science team at AIR observes lower real-world accuracy. This
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phenomenon is illustrated in example 1 below.

A second problem is large class imbalance in entity resolution (Marchant and
Rubinstein, 2017). Viewing entity resolution as a classification problem, the task is
to classify record pairs as being a match or non-match. However, among all pairs of
records, only a small fraction (usually much less than a fraction of a percent) refer to
the same entity. The vast majority of record pairs are not a match. This makes it
difficult to evaluate performance through random sampling of record pairs.

A third problem is the multiplicity of sampling mechanisms used to obtain
benchmark datasets. To construct hand-disambiguated datasets, blocks, entity
clusters, or predicted clusters may be sampled with various probability weights.
These sampling approaches must be accounted for in order to obtain representative
performance estimates (Fuller, 2011).

Our approach, detailed in sections 3.1.1.3 and 3.2.3, addresses these challenges by
putting forward novel cluster-based expressions for performance metrics that reflect
various sampling schemes. Each of these representations immediately suggests simple

estimators that properly account for the above issues.

Example 1 (Bias of precision computed on benchmark datasets). To exemplify
the problem with the trivial use of performance evaluation metrics on benchmark
datasets, we carried out a toy experiment that is described in detail in appendix 3.5.1.
In short, we evaluated a disambiguation algorithm by sampling ground truth clusters
and computing pairwise precision on this set of sampled clusters. This is analogous
to the way that many real-world benchmark datasets are obtained and typically used.
In this experiment, we know that the disambiguation algorithm has a precision of
52% for the entire dataset.

In panel A of figure 3.1, we see the distribution of precision estimates versus the

true precision of 52% shown as a dotted vertical line. Precision estimates are usually
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Precision trivially computed

A on benchmark data B Proposed precision estimator
1.00 A . .
bias = 0.467 . bias = -0.001
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FIGURE 3.1: Distribution of precision estimates versus the true precision of 52%
(shown as a dotted vertical line). Panel A shows the trivial precision estimates
computed for sampled records. Panel B shows our proposed precision estimates which
accounts for the sampling mechanism. Sample bias and root mean squared error
(rmse) are reported in each figure.

very close to 100% and always higher than 80%, despite the truth being a precision
of only 52%. In contrast, panel B shows the distribution of our proposed precision
estimator which is nearly unbiased. Both precision estimators rely on exactly the
same data. They only differ in how they account for the underlying sampling process
and the extrapolation from small benchmark datasets to the full data.

The same phenomenon can be observed in PatentsView’s data, where naive
precision is nearly 1 on all benchmark datasets. In our simulation studies (see Figure
3.3 for instance), naive precision estimates are always nearly 1, despite the true
precision ranging from 60% to 90%.

The reason why naive performance estimation performs disastrously is that is is
much more easy to disambiguate a small benchmark dataset than a large population
with millions of records. Indeed, as a dataset grows, opportunity for erroneous links
grows quadratically. False links between similarly named inventor, which are common
in the full data, disappear when the benchmark dataset only contains a random
sample of inventors. Our performance estimators extrapolate from performance

observed on a small benchmark to true performance on the full data.
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3.1.1.1 Why Bother With Evaluation?

There are two main uses for accurate and statistically rigorous evaluation methodology.

The first is model selection and comparison. PatentsView.org continually works at
improving disambiguation methodology. This requires choosing between alternative
methods and evaluating the results of methodological experiments. Without sound
evaluation methodology, decisions regarding the disambiguation algorithm may not
align with real-world use and real-world performance. Notably, for a performance
metric such as the pairwise f-score, one algorithm may perform better than another
on a small benchmark dataset, while the opposite may hold true for performance
on the entire data. This problem arises with typical benchmark datasets obtained
from randomly sampling blocks or randomly sampling clusters (see section 3.2.3 for a
definition of different sampling mechanisms).

The second is adequate use of disambiguated data. PatentsView.org’s disambigua-
tion results have been used in numerous scientific studies (Toole et al., 2021). For
example, Choudhury and Kim (2019) studied the effect of skilled worker immigration
on patenting at U.S. companies and institutions, using PatentsView’s inventor disam-
biguation to track individual immigrant inventors across time and location. These
studies make assumptions about the reliability of the data that need to be validated
and upheld. In short, users of disambiguated data need to understand its reliability
in order to make scientifically appropriate use of it. Evaluation aims to provide this

rigorous reliability information.
3.1.1.2 Past Work

Much of the past literature has focused on defining and using relevant clustering
evaluation metrics. The topic of estimating performance from samples has received
much less attention, usually focusing on importance sampling estimators based on

record pairs. We review the contributions to these two main topics below.
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3.1.1.2.1 Metrics
Pairwise precision and recall metrics were first reported in Newcombe et al. (1959),
with Bilenko and Mooney (2003) and Christen and Goiser (2007) emphasizing the
importance of precision-recall curves for algorithm evaluation. However, there are
issues with the use of pairwise precision and recall in entity resolution applications,
such as the large relative importance of large clusters. As such, other clustering
metrics have been proposed, including cluster precision and recall, cluster homogeneity
and completeness, the B3 metric (Bagga and Baldwin, 1998), and generalized merge
distances (Michelson and Macskassy, 2009; Menestrina et al., 2010; Maidasani et al.,
2012; Barnes, 2015). Important practical issues regarding the use of aggregate metrics
are discussed in Hand and Christen (2018).
While our work focuses on estimating pairwise precision and recall, the general
approach also applies to any cluster-based performance evaluation metrics, such as

those described in Michelson and Macskassy (2009).

3.1.1.2.2 Estimation
Regarding the reliable estimation of performance metrics, Belin and Rubin (1995)
first proposed a semi-supervised approach to calibrating error rates when using a
Fellegi-Sunter model (Fellegi and Sunter, 1969). Marchant and Rubinstein (2017)
proposed an adaptive importance sampling estimator to estimate precision and recall
from sampled record pairs. Other approaches to the estimation of performance
metrics are model based, where estimated precision and recall can be obtained
from predicted match probabilities between record pairs (Enamorado et al., 2019a).
However, these model-based approaches cannot be used when working with black-box
machine learning models or ad hoc clustering algorithms.
In contrast, our approach to estimation is more practical than pairwise sam-

pling and applies to any black-box disambiguation algorithms such as those used at
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PatentsView.
3.1.1.3 Our Approach

Our approach to estimating performance metrics is based on the use of benchmark
datasets that already exist or that can be collected in a cost-effective way. These
datasets contain entity clusters corresponding to either: (a) sampling records and
recovering all associated instances, (b) directly sampling clusters, or (c¢) sampling
blocks. For each of these sampling processes, we propose estimators that correct
for the issues discussed in section 3.1.1, are nearly unbiased, and are easy to use in
practice.

Our approach has the following advantages:

1. It can leverage existing benchmark datasets as well as new datasets collected

specifically for performance evaluation.

2. Tt can easily be generalized to estimate other clustering metrics, such as cluster
precision, cluster recall, cluster homogeneity and completeness, and other

generalized merge distances.

3. For evaluation, the review of entity clusters is much more efficient than the
review of record pairs. We can achieve high accuracy with small samples without

relying on sophisticated sampling schemes.

Furthermore, our approach is novel. To our knowledge, we are the first to propose
unbiased performance estimators based on cluster and block samples. Past work
either ignored biases when computing precision and recall from benchmark datasets
(Frisoli and Nugent, 2018; Monath et al., 2021; Han et al., 2019), did not provide
estimates for precision or recall (McVeigh et al., 2019), or provided solutions tailored

to very specific record linkage models (Belin and Rubin, 1995). We provide the first
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general solution to entity resolution evaluation that does not rely on sampling record
pairs and that applies to any disambiguation algorithm.

In short, the proposed approach is simple, principled, and practical. It is simple to
use, it is statistically principled in its account of sampling processes and uncertainty,
and it is practical in the way that it can provide cost-effective estimates for any

disambiguation algorithm.

3.1.2 Structure of the Paper

The rest of the paper is organized as follows. In section 3.2, we describe benchmark
datasets, our hand-disambiguation methodology for evaluation, the proposed esti-
mators, and our simulation study that we use to validate the performance of our
estimators. Section 3.3 then presents our performance estimates and results from
the simulation study. Section 3.4 summarizes the paper and explores future research

directions.

3.2 Data and Methodology

In this section, we introduce the benchmark datasets used at PatentsView, our hand-
disambiguation methodology, our proposed performance metric estimators, and the
simulation framework that we use to compare estimators. Note that we focus on
inventor disambiguation throughout, rather than on the related problems of assignee

and location disambiguation.

3.2.1 Benchmark Datasets for Inventor Disambiguation

We consider the following benchmark datasets for inventor disambiguation.

3.2.1.0.1 Israeli Inventors Benchmark

Trajtenberg and Shiff (2008) disambiguated the U.S. patents of Israeli inventors
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that were granted between 1963 and 1999. A total of 6,023 Israeli inventors were

identified for this time period with 15,310 associated patents.

3.2.1.0.2 Li et al. (2014)’s Inventors Benchmark
Based on an original dataset from Gu et al. (2008), Li et al. (2014) disambiguated

the patent history (between 1975 and 2010) of 95 U.S. inventors.

3.2.2 Hand-Disambiguation Methodology

In addition to considering the above benchmark datasets, we have carried out hand-
disambiguation of inventor mentions. This was motivated by the evaluation of the
current PatentsView inventor disambiguation using the estimators proposed in section
3.2.3.

In total, 100 inventors were sampled with probability proportional to their number
of granted patents. This was done by sampling inventor mentions uniformly at random
and recovering all patents for a given inventor. These inventor mentions were from
U.S. patents granted between 1976 and December 31, 2021.

Two AIR staff were tasked with recovering inventors’ patents given sampled
inventor mentions. First, given a sampled inventor, the associated predicted cluster
was reviewed and any wrongly assigned patents were removed. Next, PatentsView’s
search tools were used to find additional mentions of similarly named inventors. These
inventor mentions were reviewed and added to the predicted cluster, if appropriate.
The two AIR staff had an initial training session, followed by a test run on 10 inventors,
before carrying out the rest of the data collection. They worked independently, which
resulted in two datasets being obtained for the same inventor mentions. In section
3.3, these are referred to as the Staff 1 and Staff 2 datasets.

Note that our data collection methodology is biased toward PantentsView’s current

disambiguation. Indeed, we did not expect the staff to have found all errors or all
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missing inventor mentions from the predicted clusters. The staff used their best
judgment, supported by a thorough search, to resolve inventor mentions. In cases
where no errors were found, the current disambiguation was assumed to be correct.
Performance estimates based on this data might therefore be slightly optimistic, which
should be acknowledged when reporting performance estimates to PatentsView.org
users. Otherwise, for the purpose of improving the current disambiguation algorithm,
this data is still appropriate to use. It represents the most visible errors in the current

disambiguation rather than the totality of them.

3.2.3 Proposed Performance Estimators

Throughout the rest of the paper, we focus on pairwise precision and pairwise recall

(defined below in (3.1)) as our performance evaluation metrics.
3.2.3.1 Representation Lemmas

First, we define pairwise precision and recall in terms of the number of links between
records. Let D = {1,2,3,..., N} index a set of records let C be the partition of D
representing ground truth clustering, and let C be a set of predicted clusters. Now let
T be the set of record pairs that appear in the same cluster in C (matching pairs),
and let P be the set of record pairs that appear in the same predicted cluster in C
(predicted links). Pairwise precision (P) and pairwise recall (R) are then defined as

TPl TPl

P :
P 71

(3.1)

Note that P = R|T|/|P|. As such, precision and recall are equal if and only if
the right number of matching pairs is predicted under C.
We now provide three alternative representations of precision and recall that

correspond to the processes of sampling records, sampling true clusters, and sampling
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FIGURE 3.2: Example of ground truth clustering C (represented by boxes with a

full border) and predicted clustering C (rounded boxes with a dotted border) of
elements D = {1,2,...,8}. Here T = {(1,2),(2,3),(1,3),(4,5),(6,7)} and P =
{(1,4),(2,3),(6,7),(7,8),(6,8)}. As such, P = R =2/5 in this example.

blocks. These representations will be used to obtain precision and recall estimators

under these sampling processes.

3.2.3.1.1 Record Sampling Representation
For a given i € D, let ¢(i) € C be the ground truth cluster associated with 7 in C.

For a given ¢ € C, we define

o6 =3 (57). w0 - JEG 52

&eC
Lemma 1. If 7 is distributed over D with probabilities p; > 0, then

21@ [f(c(i% C)/(|C(i)‘pi)}

B 2 (e~ D/l

[ ot 0
" E[ G

Proof. By breaking down P and T over predicted clusters, we find

p= 22 (|cmc|)/2 (C|> (3.4)

ceC 4

~

Now writing >, .. > (‘Cga) =" |C(1i)| Dol (‘C(gﬁd) and substituting g(c(i),C),

we obtain

(3.5)

M2
@
)
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=
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=
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For recall, write

=YY (\c r2w c|)/; (’;\)_ (3.6)

ceC ¢l

Through a similar argument as above, we may express the numerator as

S (5 7) - s, o/t (37)

ceC gl

For the denominator, we have

Combining (3.7) and (3.8) yields the result. O

3.2.3.1.2 Cluster Sampling Representation

In the cluster sampling case, sampling probabilities are typically known only up
to a normalizing factor. This is because the total number of true clusters and other
aspects of the ground truth cluster distribution are unknown in practice. As such, we
provide expressions for precision and recall that only require knowing the sampling
probabilities up to a normalizing factor. This allows the consideration of sampling
uniformly at random and sampling clusters with probability proportional to their

size.

Lemma 2. If ¢ is distributed over C with probabilities proportional to p. > 0, then

_ NE|g(c, O)/p] E | £(c.0)/p]

ST E[(';')/pc] : (3.9)

Proof. Let m > 0 be such that ), . mp. = 1. Now write

P = 39(.0) = Ic| Y, wpegle. C)/(mpelCl) = ICIE | g(e,O)/(rpclc) | (3.10)

ceC ceC

70



and
N B N
% Seeclel  Eflel/(mpcleh)]

IC| = (3.11)

Simplifying 7|C| from the numerator and denominator then yields the expression for
precision.

The expression for recall follows in a straightforward way from (3.6). O

Note that, with clusters sampled with probability proportional to their size, the

expression for precision simplifies to P = NE [g(c, C)/ \c|] :

Remark 5. Lemma 1 and lemma 2 can be generalized to apply to any performance
metric that can be expressed as a sum . . h(c, 5), for some function £, or as a
function of such sums. For instance, the use of the so-called cluster precision and
cluster recall (Barnes, 2015), or of cluster homogeneity and completeness (Barnes,

2015), can be more appropriate in the presence of large clusters. We leave these

generalizations as extensions of our work.

3.2.3.1.3 Disjoint Block Sampling Representation

Let B be a partition of D such that for every c € C, there exists b € B with ¢ < b.
For a given b € B, let T, be the set of ground truth links contained within b, let P, be
the set of predicted links contained within b, and let P,” be the set of predicted links

with a single record in b (i.e., P, is the set of outgoing links from b).
Lemma 3. If b is distributed over B with probabilities proportional to p, > 0, then

E[[75 0 Psl/ps] p = ElTe 0 Pol/m]

TE[(P] + 1P, /] E [7751/m) (3.12)

Proof. Since the blocking procedure is assumed to have no error (for every ¢ € C,

there exists b € B with ¢ < b), we can break down 7 as the disjoint union of the
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Ty’s over b € B. It follows that |T'| = >, _4|Te| and [T nP| = >3, 5Ty 0 Ps|. The
expression for recall in (3.12) follows directly. For precision, we can express |P| as
the number of links within blocks plus the number of links across blocks. Since the

number of links across blocks is counted twice when each block is considered, we

obtain |P| = >, 5 (|Ps] + 2P, ). -

Remark 6. Lemmas 1 — 3 are formulated in terms of sampled ground truth clusters
and sampled blocks that do not contain errors. However, given the duality between
precision and recall (interchanging the roles between C and 4 interchanges precision

and recall), the results also apply to sampling predicted clusters.
3.2.3.2 Proposed Estimators

All of the expressions for precision and recall in lemmas 1 — 3 are either population
means or ratios of population means. As such, they can be estimated using sample
means and ratios of sample means. For readability, we present here a generic formula
for an approximately unbiased estimator of the ratio of means and then specify
the needed quantities for each representation below. The estimator applies a first
order bias correction to the ratio of sample means, based on a Taylor approximation.
Approximate confidence intervals can be computed based on the variance estimator of
the ratio of sample means by Taylor approximation, assuming the corrected estimator
has a small bias (Sérndal et al., 2003; Fuller, 2011). The generic formula for estimating

the ratio of T-sized “population” (of records/clusters/blocks) means of the form

T
E _ 1/T ZiZI Bl

CYTYL A (3.13)

assuming we have sampled n elements (records/clusters/blocks), is

- n en,T nAs Bs As T _]- . _1 %
A IR (S S RO S

o S

n s=1
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We note that an additional symbol 6, 7 is introduced for a possible finite population
correction when relatively large number of elements are sampled without replacement
(see below). Classical adjustment is set to 6, = (1 — 2=1) (Cochran, 1977). For
practical purposes when T is large, 6, = 1 will suffice. In fact, knowledge of T" is not
needed at all as long as it is large enough relative to n, which is useful because the
total number of true clusters/blocks is not known in advance. Confidence intervals

can be computed based on the variance estimate of the above, which is
S Bn ? enT . As Bs ?
VIE)=|—=—) ———— -— — =] . 3.15

The specific values for A, B, and T in each of our representation are described in

appendix 3.5.2.

Remark 7. In entity resolution applications, we can typically assume that elements
have been sampled with replacement (or closely so). Indeed, with a small proportion
of sampled elements, nonreplacement samples are approximately equivalent to samples
with replacement. However, if dealing with relatively large nonreplacement samples,
then the sampling probabilities used in the definition of the estimators should be
adjusted to reflect the size-dependent effect of nonreplacement (Horvitz and Thompson,

1952).

3.2.4 Simulation Study

In order to assess the performance of the proposed estimators, we carried out a
simulation study based on PatentsView’s inventor disambiguation. Specifically, in the
context of the simulation, we considered PatentsView current inventor disambiguation
as the ground truth clustering. A simulated set of predicted clusters was obtained by
introducing errors (misattribution of inventor mentions) into the current disambigua-

tion. We then estimated the precision and recall of this predicted clustering using our
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estimators based on random cluster samples. The process of sampling clusters and
estimating precision /recall was repeated 100 times in order to provide the distribution
of the estimators and metrics such as bias and root mean squared error (rmse).

To introduce errors, we picked records at random and changed their cluster
assignment to that of other records picked at random. This is a simple process that
ensures that larger clusters are more likely to contain errors. In our simulation, we
considered rates of 5%, 10%, and 25% for the proportion of records that are sampled
for cluster misassignment. Although the larger error rates are more realistic, the 5%
misattribution rate helps showcase the properties of our estimators when only a small
proportion of the sampled clusters is associated with errors.

For the sampling process, we considered sampling records uniformly at random
and recovering their associated clusters. This is the same as sampling clusters with
probability proportional to their size. In the record/cluster sampling cases, we looked
at the effect of sampling 100, 200 and 400 records/clusters.

Finally, we compared the following three precision and recall estimators:

P_naive, R_naive This is the “naive" precision (respectively recall) estimator ob-
tained by computing precision (respectively recall) when only looking at records

that appear in the sampled clusters.

P_record, R_record These are the precision and recall estimators corresponding to
uniformly sampling records in lemma 1 (p;ocl) with the bias adjustment given
in (3.14). Note that these are the same as the estimators obtained from lemma

2 when sampling clusters with probability proportional to their size (p.oc|c]).

P_cluster_block This is the precision estimator obtained by considering each sam-
pled cluster as its own block in lemma 3, where clusters have been sampled with

probability proportional to their size (pyoc|b|) and with the bias adjustment
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given in (3.14). Note that in the case of recall with cluster blocks, the estimator

corresponding to lemma 3 is the same as the one corresponding to lemma 2.

3.3 Results
3.3.1 Results From the Simulation Study

Figure 3.3 shows the distribution of the three precision estimators used in the
simulation study (see section 3.2.4) compared to ground truth precision. The block
sampling estimator P_cluster_block is highly accurate, while P_record is more
variable and P_naive is entirely uninformative. Note that P_record can take values
greater than 1 (not shown in this figure), so that truncating it to be less than 1
introduces a bias in some cases.

P_cluster_block performs better than P_record because P_record has been
derived in a generic way that applies to any performance metric that can be expressed
in cluster form similar to (3.9). On the other hand, P_cluster_block relies on specific
properties of precision. Among other things, this ensures that P_cluster_block is
constrained to be between 0 and 1. In practice, P_cluster_block should be preferred
as a pairwise precision estimator. The bias and rmse of the precision estimators are

reported in table 3.1.
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sample_size = 100 | rate = 5 sample_size = 100 | rate = 10 sample_size = 100 | rate = 20

Proportion

sample_size = 200 | rate =5 sample_size = 200 | rate = 10 sample_size = 200 | rate = 20
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F1GURE 3.3: Distribution of precision estimates for various sample sizes and misat-
tribution rates, as described in section 3.2.4. Ground truth precision is marked by a
dotted vertical line. The rate variable represents the percentage misattribution rate.
The estimator P_cluster_block is highly accurate, while P_naive is almost always
close to 1.0, having little to do with the true precision.

76



L.

Table 3.1: Bias and root mean squared error (rmse) of precision estimators for the simulation study described in section
3.2.4. The rate variable represents the percentage misattribution rate.

rate 5) 10 20
sample size 100 200 400 100 200 400 100 200 400
P_cluster block -0.004 -0.002 -0.001 -0.002 -0.001 0.001 -0.004 -0.001 -0.000

hing  P_maive 0.099  0.099 0.099 0.195 0.195 0.195 0.366 0.366  0.365
P record 20.002 0.013 0.009 -0.001 0.011 0.008 -0.001 0.009 0.006
P cluster_block 0.045 0.033 0.021 0.041 0.038 0.026 0.063 0.052 0.034

e Pnaive 0.099  0.099  0.099 0.195 0.195 0.195 0.366 0.366  0.365
P record 0.294 0232 0169 0260 0205 0.150 0207 0.162 0.117




Regarding recall, figure 3.4 shows the distribution of the two estimators used in the
simulation study. The naive recall estimator performs well in this case. However, the
recall estimator accounting for the sampling mechanism is more accurate (R_record,
which is equal to R_cluster_block). The bias and rmse of the recall estimators are
reported in table 3.2, where the overall improved performance of R_record can be

observed.
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FIGURE 3.4: Distribution of recall estimates for various sample sizes and misattribu-
tion rates, as described in section 3.2.4. Ground truth recall is marked by a dotted
vertical line. The rate variable represents the percentage misattribution rate.
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Table 3.2: Bias and root mean squared error of recall estimators for the simulation study described in section 3.2.4. The
rate variable represents the percentage misattribution rate.

rate 5) 10 20
sample size 100 200 400 100 200 400 100 200 400
bias R _record 0.0002 -0.0001 -0.0002 0.0011 -0.0002 -0.0004 0.0005 0.0001 -0.0002
a R naive 0.0007  0.0001  0.0004 0.0009 -0.0015 -0.0024 -0.0008 -0.0010 -0.0017
rmse R record 0.0060 0.0037 0.0028 0.0089 0.0056 0.0039 0.0099 0.0071 0.0050
R naive 0.0089  0.0056  0.0043  0.0123  0.0089 0.0075  0.0132  0.0109  0.0091




3.3.2 Evaluation of PatentsView’s Disambiguation

Table 3.3 shows estimated pairwise precision and recall from benchmark datasets and
from our two hand-curated datasets. Note that each estimate is associated with a
given population of inventor mentions which is a subset of granted U.S. patents since
1976. We focused on U.S. patents granted since 1976 as this is the main data product
of PatentsView.org.

The choice of estimators for the results presented in table 3.3 is as follows. Since
our two hand-curated datasets (see section 3.2.2) were obtained by sampling inventor
clusters with probabilities proportional to cluster sizes, we used the P_cluster_block
and R_record estimators with corresponding probability weights. For the Israeli
benchmark dataset, we assumed that a single block of inventor clusters was sampled
and used the corresponding estimators defined through (3.12) with a single block
sample. Note that no variance estimates can be given for single samples. For Li
et al. (2014)’s inventors benchmark, given that the inventor clusters were originally
obtained from a set of inventor curriculum vitae, we assumed that the clusters were
sampled uniformly at random. As such, we used cluster block estimators with constant

probability weights.

Table 3.3: Estimated pairwise precision and recall (with estimated standard deviation)
from our four benchmark datasets.

dataset est. precision (6) est. recall (5) scope

Staff 1 88% (3.4%) 95% (1.1%) 1976 — Dec. 31, 2022 (U.S. granted)
Staff 2 87% (3.6%) 96% (1.0%) 1976 — Dec. 31, 2022 (U.S. granted)
Israeli Benchmark 79% (NA) 94% (NA) 1976 — 1999 (U.S. granted)

Li et al. (2014)’s Benchmark 91% (2.7%) 91% (5.0%) 1976 — 2010 (U.S. granted)

Overall, our performance estimates paint the first realistic picture of PatentsView’s
disambiguation accuracy in practice. Precision is not nearly 100%, as would be as-

sumed from naively computing precision on benchmark datasets. Rather, there is
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significant room for improvement. Our hand-curated datasets and data collection
methodology provide the necessary basis to investigate errors and plan for improve-

ments to the disambiguation algorithm.

3.4 Discussion

Motivated by PatentsView’s disambiguation, this paper introduced a novel evaluation
methodology for entity resolution algorithms. The methodology relies on benchmark
datasets containing ground truth clusters and estimators that account for biases
inherent to these datasets. For PatentsView, this provided the first representative
estimates of its disambiguation performance. Furthermore, all data and code used in
this paper, as well as other tools developed to facilitate evaluation at PatentsView,
are freely available at https://github.com/PatentsView /PatentsView-Evaluation//.

There are two main products resulting from this work. The first is the appropriate
understanding of the quality of the data provided to PatentsView’s users. Our
performance estimates indicate that, despite an overall accurate disambiguation,
there is significant room for improvement. Notably, the current disambiguation
over-estimates the number of matching inventor mention pairs. The second product
is the set of tools needed for methodological research and model comparison. Given
our evaluation methodology, we can now reliably compare algorithms and decide with
confidence on changes that will affect users.

One important topic for future work is the quantification of uncertainty associated
with errors in the hand-disambiguation process. This is challenging problem given
the lack of validation information available. Surveying inventors to validate the
hand-disambiguation process would be one way to explore this issue. Sensitivity
analyses involving potential errors in the hand-disambiguation process could also

be informative. We refer the reader to Bailey et al. (2017) for a state-of-the-art
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hand-labeling study that evaluated human review accuracy.

Another important topic for future work is the development of estimators for
additional performance metrics. As we have seen in the simulation study, the
generically derived estimators (e.g., from lemma 2) do not perform as well as estimators
derived using specific properties of pairwise precision and recall (lemma 3). As such,
care should be taken to obtain efficient estimators for every metric of interest.

Finally, we note that the performance of estimators can degrade when dealing
with heavy-tailed cluster size distributions. The bias of ratio estimators can be high in
this case, especially when using small samples and when sampling clusters uniformly
at random rather than with probability proportional to size. Model-based estimators
that exploit known properties of the cluster size distribution could be developed to

improve estimation accuracy in such cases.

Data and Code

All data and code used for this paper are available as part of the PatentsView-

Evaluation Python package at https://github.com/PatentsView /PatentsView-Evaluation/ .
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3.5 Appendix
3.5.1 Bias of Precision Computed on Benchmark Datasets

This section provides more information on example 1.

For this example, we considered the RLdatal0000 dataset from Sariyar and Borg
(2022). This is a synthetic dataset containing 10,000 records with first name, last
name, and date of birth attributes. There is noise in these attributes and a 10%
duplication rate. Ground truth identity is known for all records.

The disambiguation algorithm we consider matches records if any of the following

conditions are met:
e records agree on first name, last name, and birth year,
e records agree on first name, birth day, and birth year, or
e records agree on last name, birth day, and birth year.

Note that this is not at all a good disambiguation algorithm. It has 52% precision
and 83% recall. However, it allows us to to showcase the issue with nonadjusted
precision computed on cluster samples.

In our experiment, we have repeated 5,000 times the following three-steps process

5,000 times:

1. First, 200 records were sampled and the ground truth clusters associated with
them were recovered. This step provided a “benchmark" dataset that was used

for evaluation.

2. Second, a trivial precision estimate was obtained by computing precision over
the benchmark dataset. That is, predicted cluster assignments were restricted

to records that appear in the benchmark data and precision was compared for
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these records. More often than not, the result was an observation of 100%

precision.

3. Third, we computed our proposed precision estimator which corresponds to
lemma 1 and the estimator ﬁblock defined in (3.21), with blocks corresponding

to clusters and with sampling probabilities p,oc|b|.

The distributions of the two precision estimates over the 5,000 repetitions are shown
in figure 3.1. Our proposed estimator is accurate and nearly unbiased, whereas
the trivial precision estimates have almost nothing to do with actual algorithmic

performance.

3.5.2 Precision and Recall Estimator Formulas

This section describes specific values for A, By, and T in (3.14) in order to obtained
nearly unbiased precision and recall estimators based on each of the representation
in section 3.2.3. We use the symbols P and ]:?, indexed by either “rec", “clust", or

“block", in order to refer to precision and recall estimators corresponding to record,

cluster, and block sampling representations, respectively.

3.5.2.0.1 Record Sampling Estimators

~

P,ec Estimating P is a special case that does not require ratio-of-means estimation.

We propose to use a simple unbiased estimator:

Brec = %i M (3.16)

The unbiased estimator of the variance of f’rec is also available:

V(Pec) = n iy an (g(c<i8)’cz)2 - 13390.) (3.17)

n(n—1) <
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Rree Going forward, we refer to formulae (3.14) and (3.15). R.ee and its variance
estimate V(Rye) are given by (3.14) and (3.15), where we substitute in

T=N, A, = M’ B, = Qf(c(i5)7€>

- . 3.18
o EA (3.18)

3.5.2.0.2 Cluster Sampling Estimators

A~

Pust The estimator and its variance estimate XA/(ﬁdust) are given by (3.14) and (3.15),

where we substitute in

T, A =1l g _ N9esO) (3.19)

pCS pcs

A~

Z/%clust The estimator and its variance estimate \A/(Rclust) are given by (3.14) and

(3.15), where we substitute in

(‘CQS|) Bs — f(CS7é\).

T =|C|, As =
De, De,

(3.20)

3.5.2.0.3 Disjoint Block Sampling Estimators

ﬁblock The estimator and its variance estimate ‘A/(ﬁblock) are given by (3.14) and

(3.15), where we substitute in

Po,| + 3| P;.
T:‘B|, ASZ | bs| 2| bs|7 BS: ’Tsm,PbS )
Po, Do,

(3.21)

}A%block The estimator and its variance estimate ‘A/(}/%block) are given by (3.14) and
(3.15), where we substitute in

-8, A, =Ll p [T 0P| (3.22)
Do, P,

86



4. How to Evaluate Entity Resolution Sys-
tems: An Entity-Centric Framework with
Application to Inventor Name Disambigua-
tion

Entity resolution (record linkage, microclustering) systems are notoriously difficult
to evaluate. Looking for a needle in a haystack, traditional evaluation methods use
sophisticated, application-specific sampling schemes to find matching pairs of records
among an immense number of non-matches. We propose an alternative that facilitates
the creation of representative, reusable benchmark data sets without necessitating
complex sampling schemes. These benchmark data sets can then be used for model
training and a variety of evaluation tasks. Specifically, we propose an entity-centric
data labeling methodology that integrates with a unified framework for monitoring
summary statistics, estimating key performance metrics such as cluster and pairwise
precision and recall, and analyzing root causes for errors. We validate the framework
in an application to inventor name disambiguation and through simulation studies.

Software: https://github.com/0livierBinette/er-evaluation/

4.1 Introduction

Entity resolution is the process of identifying and linking database records referring
to the same entity, such as a person or organization (Christen and Christen, 2012;

Christophides et al., 2021; Papadakis et al., 2021; Binette and Steorts, 2022a). In the
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absence of a reliable unique identifier, this is a large-scale clustering task: records need
to be grouped into clusters, each representing a unique entity. In many applications,
these clusters are numerous yet small. For example, entity resolution is used for
the identification of unique inventors listed on U.S. Patents and Trademarks Office
(USPTO) patents. This must account for commonalities in inventor names and the
frequent occurrence of errors and variations in recorded names (Li et al., 2014). The
task involves resolving millions of unique inventors, many of whom have authored
only a handful of patents, while others may have contributed to hundreds.

Entity resolution systems typically employ machine learning and artificial intel-
ligence models to tackle this challenge. The models use contextual information to
predict whether or not two records refer to the same entity. For example, we can
approximately resolve unique inventors by using patent topic, co-authors, employer,
and location, in addition to first and last names (Monath et al., 2021). A large body
of research has considered this problem, as this is an error-prone process that is
further complicated by the scale of the clustering task (Li et al., 2014; Huberty et al.,
2014; Pezzoni et al., 2014; Balsmeier et al., 2015; Ventura et al., 2015; Kim et al.,
2016a; Yang et al., 2017; Doherr, 2017; Han et al., 2019; Yin et al., 2020; Monath
et al., 2021; Doherr, 2021b).

In this article, we address evaluating the accuracy of entity resolution systems.
Traditional evaluation methods often rely on manually reviewing pairs of records
to validate linkage predictions. However, finding matching pairs, especially those
missed by the entity resolution system, is much like looking for a needle in a haystack:
in a database of n records, there are O(n?) non-matches and only O(n) matches.
Even if these matches can be found using a smart sampling scheme built around a
specific entity resolution system, the resulting data are not necessarily well-suited for
evaluating or training other models, or for estimating other metrics besides pairwise
precision and recall.
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Instead of reviewing pairs of records, our evaluation approach utilizes a sample of
fully-resolved entities, i.e., ground truth, or known clusters. In this approach, all pairs
within a resolved cluster are known to match, and any pair that intersects a resolved
cluster but is not contained within it is known to be a non-match. For example, a
resolved cluster of 10 records in a database of 1,000,010 records includes (120) =45
matching pairs and excludes 10 million non-matching pairs. We show that sampling
ground truth clusters, and using the resulting matches and non-matches, facilitates
the estimation of performance metrics without having to rely on sophisticated pairwise
sampling schemes that find sufficient numbers of matching pairs among the massive
number of nonmatching pairs (e.g., as in Marchant and Rubinstein, 2017).

In order to use fully-resolved entities as the starting point of evaluation, we propose

an entity-centric evaluation framework with the following components.

1. Cluster-Wise Error Metrics: To identify errors made by an entity resolution
system, we compare predicted clusters against a sample of known, fully-resolved
clusters through error metrics defined at the record and cluster levels (section

43.3.1).

2. Global Performance Metric Estimates: To obtain estimates of global per-
formance metrics such as pairwise and b-cubed precision and recall (Michelson
and Macskassy, 2009; Menestrina et al., 2010; Barnes, 2015), we express them as
weighted aggregates of cluster-wise error metrics. This helps obtain estimates
that are representative of the system’s performance on the entire data set, not

just the benchmark (section 4.3.4).

3. Error Analysis: To analyze the root causes of errors, we relate errors to entity

features extracted from resolved clusters of records. (section 4.3.3.2).

Furthermore, to support this process, we introduce:
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4. Data Labeling Though Cluster Sampling: A methodology for creating a
benchmark set of fully-resolved entities through manual data labeling (section

4.3.2).

5. Monitoring Statistics: A set of summary statistics that serve to monitor the
performance of entity resolution systems, even in the absence of a benchmark

data set (section 4.3.1).

Our framework does black box evaluation. That is, we evaluate the end result of an
entity resolution system, without considering its specific architecture. This allows
our framework to apply to any entity resolution system, as long as it produces a
clustering as an output.

Figure 4.1 represents the elements of the evaluation framework as well as their

interdependencies.

4.1.1 Previous Work

Evaluation is a critical element of iterative model development, model selection, and
validation of results. Despite the central importance of evaluation in the development
and implementation of entity resolution systems, the topic has received scant attention
in the literature.

The most well-studied aspect of evaluation for entity resolution concerns the
definition of performance evaluation metrics such as precision and recall (Bilenko
and Mooney, 2003), the b-cubed metric (Bagga and Baldwin, 1998), generalized
merge distances (Maidasani et al., 2012), and the use of crowdsourcing for data
labeling (Christophides et al., 2021). However, this literature does not account for
the statistical challenges involved in estimating these metrics from limited data (e.g.,
a non-representative benchmark data set or a small sample) which is necessary for

their reliable use. The statistical literature focused on these estimation challenges
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FIGURE 4.1: Diagram representation of the main elements of the framework and their
dependencies. The entity resolution system and its predictions live in what we call the
“prediction space." Monitoring statistics can be computed for predictions, while their
true value for a ground truth clustering can be estimated using labeled data. In the
labeled data space, cluster-wise error metrics are obtained from external benchmark
datasets or from our data labeling methodology. Error analysis and performance
estimates rely on cluster-wise error metrics.

is also limited (Marchant and Rubinstein, 2017; Dasylva et al., 2020; Binette et al.,
2023). Furthermore, the topics of quality assurance, monitoring, and error analysis
appear mostly understudied in the entity resolution literature.

Typical evaluation procedures used in entity resolution can result in misleading
conclusions, as some commonly-used performance estimators are biased (Wang et al.,
2022; Binette et al., 2023). This can lead to inaccurate representation of model
performance and erroneous ranking of competing methods. In particular, the naive

computation of pairwise precision on benchmark data sets has been shown to provide
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over-optimistic results (Binette et al., 2023). Precision computed on benchmark data
sets is often close to 1, even when the true precision for the entire data set may be
much lower. When combining biased precision estimates with recall estimates into an
F1 score, this can lead to performance rank reversals: an algorithm may be assessed
to perform better than another with high confidence, despite the opposite being
true in practice (Binette et al., 2023). In other words, comparing entity resolution
algorithms based on F1 scores computed on benchmark data sets (such as in Yin et al.

(2020)) leads to rankings not representative of performance on larger populations.

4.1.2 Outline of the Paper

The rest of the paper is structured as follows. In section 4.2, we provide background
on our motivating application and current approaches to evaluation. In section 4.3,
we introduce the proposed methodology. In section 4.4, we showcase its application
to inventor name disambiguation and its validation in simulation studies. Finally, we
conclude in section 4.5 with a summary of our contributions and directions for future

work.

4.2 Background

We begin this section with an overview of the disambiguation work carried out by
the American Institutes for Research (AIR) for PatentsView.org. We then discuss
our motivating data and application in more detail. Finally, we provide additional
information on current industry standards for the evaluation of entity resolution

systems, using the methodology used by Statistics Canada as an example.

4.2.1 Patent Data Disambiguation for PatentsView.org (#)

PatentsView is a public patent data platform maintained by the American Institutes

for Research and the U.S. Patents and Trademarks Office. It increases the value,
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utility, and transparency of U.S. patent data by providing enriched data products,
data visualizations, and data exploration tools.

As one of its main contributions, PatentsView disambiguates patent inventors,
assignees, lawyers, and locations. This embeds patent data in a large knowledge
graph that links these individual entities through co-authorship, ownership, and
citation relationships. However, this disambiguation is a significant challenge given
the absence of unique identifiers for these entities, and given the large amount of
noise and ambiguity in the data. PatentsView addresses this challenge by employing
an assortment of disambiguation algorithms and updating the disambiguation for
new data on a quarterly basis.

A variety and growing set of users have made use of PatentsView’s data since its
full launch in January 2017. Around 50,000 users visited the PatentsView website
in 2023, with 75,000 downloads of bulk data files and an average of one million API
requests per month. In Figure 4.2, we show the estimated numbers of citations to
PatentsView in the academic literature over time and by Dewey Decimal subject

classification.

4.2.2 Motivating Data and Application

We consider inventor data from U.S. patents granted between 1976 and November
2023, inclusively, obtained from the bulk data download page of PatentsView.org
(USPTO, 2023). These data are aggregated in a single table indexed by inventor
mentions, where each row of this table is referred to as a record. An inventor mention
is a reference to a specific inventor (identified by authorship sequence number) on a
specific patent (identified by patent number). For each inventor mention, we have
information such as inventor first and last name, inventor location, patent co-inventor
names, patent title, patent abstract, patent application date, patent grant date,

patent assignee, and patent classification codes; see Table 4.1 for examples.
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FIGURE 4.2: Left: Estimated number of citations to PatentsView in academic
literature by year. Right: Number of citations by estimated Dewey Decimal Broad
Classification. The estimated citation numbers were obtained by searching Google
Scholar for mentions to “PatentsView” and “Patents View” and reviewing all results,
with the 2023 year estimate containing extrapolated counts for November and De-
cember. The Dewey Decimal Classification categories were obtained by extracting
abstracts from papers and programmatically querying openAl’'s GPT-3.5 model for a
classification estimate. Note that GPT-3.5 could not ascertain the classification code
for 189 papers. ()

Additionally, we have the results of PatentsView’s disambiguation algorithm
applied to 18 individual data releases between August 2017 and November 2023.
At each release, more inventor mentions were disambiguated as new patents were
granted. Furthermore, the disambiguation algorithm was occasionally tweaked in this
time period. For each data release, a disambiguation is available that consists of a
membership vector assigning each inventor mention to a unique inventor identifier.

Our evaluation framework specifically targets this sequence of disambiguation results.
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Table 4.1: Example of attributes available for individual inventor mentions. Additional attributes, such as co-inventor

information and patent text, are available as well.

Mention ID Patent Name City State Country Year Title Kind Assignees Classification
US8501339-3 8501339 Lutgard C. De Jonghe Lafayette CA Us 2013 Protected lit... B2 ["PolyPlus Battery Company’| HO01G
US6085742-1 6085742 Stuart Lindsay Tempe AZ Us 2000 Intrapulmonary del... A [’Aeromax Technologies, Inc.’| A61M
US9215286-6 9215286 Elin R. Pedersen Portola Valley CA US 2015  Creating a social B1 [’Goolge Inc’| HO4L




A number of benchmark data sets are available to help assess the performance of
PatentsView’s disambiguation system (Binette, 2022). Most of these data sets provide
“ground truth" disambiguation (of various quality) of a specific subset of inventors for
a given time period. They are all cluster samples that fit our evaluation framework.
However, except for the new inventor benchmark data developed in (Binette et al.,
2023; Binette, 2022), none of the benchmark data sets are representative of the full

population of inventors or have sampling weights associated with them.

4.2.3 Industry Standards for Entity Resolution Evaluation (&)

We look at Statistics Canada to understand common industry practices for the
evaluation of entity resolution systems. The institution has been at the forefront of
record linkage since the seminal paper of Fellegi and Sunter (1969), who were then
working at Statistics Canada, and with Fellegi becoming Chief Statistian of Canada
from 1985 to 2008. Research groups at Statistics Canada have continued to advance
the field in recent years, including on the topic of evaluation.

For context, Statistics Canada routinely performs the linkage of many data sets
including censuses, administrative data, and survey data. These linkages are classified
according to their purpose as analytical or operational. In the former case, the main
goal is to produce a linked file including all the required responses and explanatory
variables, to fit some regression model. A good example is the linkage of the Canadian
Community Health Survey to the Canadian mortality database (Sanmartin et al.,
2016). Many of the analytical linkages are implemented within the Social Data
Linkage Environment (Canada, 2022). All other linkages are classified as operational,
such as linkages that support specific steps in a sample survey, e.g., frame maintenance
operations, like removing duplicates or linking different sampling frames in a multi-
frame survey. For all the linkages, regardless of their purpose, the accuracy of the

linkage decisions is measured with clerical reviews or a statistical model.
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When the purpose is analytical, a linked data set is created that may end up in
a research data center, including quality indicators for the data users. According
to Qian et al. (2021), the indicators should comprise the linkage rate, the linkage
representativeness (LR) according to van der Laan and Bakker (2015), and the
precision and the false negative rate to characterize the linkage accuracy at the
level of the record pairs. The LR metric highlights potential biases, here linkage
rate differences across subgroups, by measuring the variance of estimated linkage
propensities.

At Statistics Canada, accuracy measures are estimated primarily through clerical
reviews (Dasylva et al., 2016) that can be carried out with G-LINK, the agency’s
generalized system for probabilistic record linkage. These reviews consist of visual
inspections on a probability sample of record pairs to determine if their constituent
records refer to the same unit. When the linkage is probabilistic, the pairs are typically
stratified according to their linkage weights (Millard and Blanchard, 2022, chap. 5).
For quality control, the same pair may be reviewed by two or more clerks (Dasylva
et al., 2016). For analysis, further activities are conducted to evaluate the linkage
quality (Statistics Canada, 2017, chap. 6, chap. 7.5).

For operational linkages, the linkage accuracy may also be measured with clerical
reviews as in the census over-coverage study (Statistics Canada, 2019, chap. 8.2.1),
where the reviews are based on sampling groups of connected records (Dasylva et al.,
2015). These groups are essentially connected components in the graph where the
vertices are the records and the edges are the links. To cut costs, Statistics Canada is
also considering model-based estimates (Dasylva and Goussanou, 2022). For example,
this approach was used to set the record similarity threshold (i.e., how similar two
records have to be before they are linked) in the probabilistic linkage between the
2021 census of agriculture and the census of population for the same year (Canada,
2023).
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4.3 Methodology

We now describe our evaluation framework in detail.

Let R be a set of N records. Each record in R is a reference to a unique entity
(an entity mention), with some entities being referred to by multiple records. Two
records are said to be coreferent, or to match if they refer to the same entity. Note
that coreference is an equivalence relation: if records A and B refer to the same entity,
and records B and C' refer to the same entity, then records A and C' also refer to
the same entity. As such, coreference induces a clustering C of R, with two records
being in the same cluster if they refer to the same entity. We refer to C as the “true"
clustering, i.e., it represents the true identity relations that entity resolution aims to
recover. An entity resolution system outputs a predicted clustering C. To evaluate
the entity resolution system, we introduce a methodology that samples clusters ¢ € C
and use them to assess the accuracy of C. Throughout, we use the ¢(r) to denote the
cluster in C containing a given record r € R. Similarly, we let ¢(r) be the predicted
cluster in C containing a given r € R.

To fix ideas, we can take R as the set of inventor mentions on granted U.S. patents.
The clustering C represents the true grouping of inventor mentions according to the
real-world inventor that they represent, i.e., each cluster ¢ € C links to a set of patents
authored by this inventor. The predicted clustering C is the output of an inventor

disambiguation system.

4.3.1 Summary Statistics and Quality Assurance

The first component of our evaluation framework is a set of summary statistics
that describe properties of any given disambiguation result. The goal of these
statistics is to provide key indicators that can be tracked to understand and monitor

disambiguation results throughout the lifetime of an entity resolution system. They
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are simple and easily interpretable statistics that can help explain properties of the
clustering. Additionally, these statistics act as quality assurance indicators that
can be automatically monitored to identify potential bugs and errors. In particular,
estimated summary statistics can be monitored using standard quality assurance
tools such as control charts (Montgomery, 2020) and anomaly detection (Chandola
et al., 2009).

The statistics we propose are described below.

Definition 3 (Cluster Size Distribution Statistics). Let C be a clustering of a
set of records R. We define the following metrics regarding the distribution of cluster

sizes in C.
Average Cluster Size: The average cluster size is defined as Ry, = ‘71| Zcec|c].

Matching Rate: The matching rate statistic R,, is the proportion of records
r € R that are linked to some other records, i.e., are part of a cluster with at

least two records. Namely, R, = ﬁ Der Ile(r)| > 1).

Cluster Hill Numbers (Entropy Curve): For a given order ¢ > 0, the corre-
sponding Hill number H, is the exponentiation of the Rényi entropy of order ¢

of the cluster size distribution. That is, given a clustering C, we have

N 1/(1-q)
H, = (Z (P(lel = i))q> : (4.1)

i=1

where P(|c| = i) = ﬁzcec I(|c| = 7). Here, (4.1) is continuously extended at

g =0 and ¢ = 1, and taking the limit from the left for ¢ = oo.

The set of Hill numbers {H,},>¢ uniquely characterizes the ordered cluster size
distribution and provides interpretable statistics. For instance, Hj is the number
of unique cluster sizes in the distribution; H; is the exponential Shannon entropy;
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H, is the inverse of the probability that two random inventors have authored the
same number of patents; and, H, is the prevalence of the most common cluster
size. Since Hill numbers are continuous in their parameter ¢, they provide a simple
representation of the ordered cluster size distribution as a continuous curve.

The next set of metrics quantifies the level of noise in the data. Suppose that each
cluster element r is associated with a label, such as an inventor’s name listed on a
patent. For a given inventor, listed names may differ on different patent applications.
Additionally, multiple inventors may share the same name. To quantify these two

situations, we introduce the homonymy rate and name variation rate statistics.

Definition 4 (Variation and Homonymy Rate Statistics). Let C be a clustering of a
set of records R, where each record is associated with a label s,, and let n(r) be the
set of records with the same labels as r, i.e., n(r) = {r' € R | s, = s,}. We define
the following metrics to describe label similarity across clusters and label variation

within clusters.

Homonymy Rate: The homonymy rate R}, is the proportion of clusters containing
a record that shares its label with another cluster. That is, the homonymy rate

is defined as

Ry, = ’%’Z]I(Hr ec:n(r)Ece(r)). (4.2)

ceC

Name Variation Rate: The name variation rate R, is the proportion of clusters
with variation among the record labels. That is, the name variation rate is

defined as

R, = —: Y I3rec : ¢(r) ¢ n(r)). (4.3)

’ ’cEC

Remark 8. Various measures of cluster homogeneity /compactness and separation

have been proposed in the literature and are used as part of the objective functions
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of unsupervised clustering algorithms (Johnson, 1967; Davies and Bouldin, 1979; Liu
et al., 2010; Duran and Odell, 2013). When using clustering algorithms relying on

such statistics, these can be reported in addition to our proposed summary statistics.

The above summary statistics can either be applied to the predicted clustering
C (replacing C by C in definitions 3 and 4), or estimated for the unknown ground
truth clustering C by using a sample of clusters. That is, suppose that a sample of k
clusters, cy, ..., ¢, is taken from the true clustering C. We write p. for the probability
(up to a normalizing constant) that a given cluster ¢ is sampled in any one draw.
For example, with probability proportional to size sampling, we have p. = |c|/N.
Sampling processes and designs are discussed in more detail in section 4.3.2.

To facilitate estimation of the average cluster size and matching rate in Definition
3, we re-express R.. and R, as ratios of expectations. In particular, suppose we
randomly sample a single cluster ¢, where the probability of sampling a given ¢ € C is
proportional to p. > 0. The quantities in the numerators and denominators of R,;..
and R, can be rewritten as expectations with respect to this sampling distribution.

That is,

Eflel/p) 5 _ Elldl(d > D)/p]
E[l/p] ™ Elle[/p.]

For example, when sampling clusters with probability proportional to size, we have

Rsize =

(4.4)

pe = |c|/N. Consequently, E[1/p.] = > c[1/pc]pe = |C|, which matches the denomi-
nator of R,;.. in Definition 3. We then use the sample of k£ clusters to estimate the
expectations in the numerators and denominators separately—for example, we can
estimate each expectation with its corresponding weighted sample average—and take
the ratio of the relevant estimated expectations. Alternatively, as described in section
4.3.4.2, we also can use the bias-adjusted estimator and variance estimator described
in Binette et al. (2023). Similarly, the homonymy rate and name variation rate can be
written as ratios of expectations corresponding to the numerators and denominators
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of (4.2) and (4.3), which then can be estimated in the same way.

Estimating the Hill numbers is a more challenging task. Several proposals for
estimating a whole curve of Hill numbers exist in ecological and biological diversity
estimation (Chao, 1984; Chao et al., 2013, 2014). These apply in our context only
when considering uniform sampling weights. We therefore leave the problem of

estimating Hill numbers for future work.

4.3.2 Data Labeling Methodology

Data labeling is often needed to construct benchmark data sets suitable for evaluation.
Here, we expand and formalize the methodology introduced in Binette et al. (2023)
for practical and cost-effective data labeling.

Fundamentally, our goal is to obtain a probability sample of known, ground
truth clusters. To do so, we suggest sampling k records rq,...,r, and having data
annotators recover the associated clusters c(rq), ..., c(rg).

A variety of tools can help labelers build these ground truth clusters, including
using predicted clusters or blocking as a starting point, and using search tools for
identifying candidate matches. Below, we suggest a simple methodology that we have
found useful in our application.

The methodology relies on two main components, namely (a) a predicted disam-
biguation used as the starting point of the data labeling, and (b) a search tool used
to identify candidate matches for manual review. For (a), we use an entity resolution
algorithm to provide a set of predicted clusters to aid in the disambiguation. In
the application to PatentsView.org described in Binette et al. (2023), the current
inventor disambiguation was used as the starting point of data labeling. Otherwise,
a simple exact name-matching disambiguation could be used. For (b), we used
PatentsView.org’s search tool. It is also possible to use spreadsheets to parse through

subsets of records, or to use elasticsearch (Elastic, 2022) as a search backend. The use
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of elasticsearch provides tolerance to typographical errors and intuitive term-based
search functionality that may be familiar to data labelers.
Given a population of records R and a sample size k, the data labeling methodology

is as follows:
(i) First, sample a sequence of records S = (r1,79,...,7%), ;i € R.

(ii) For each sampled record r, we recover the corresponding predicted cluster é(r)

from (a) above. We then perform the following three steps:

(A) The data labeler takes note of overclustering errors: records in the pre-
dicted cluster ¢(r) that are not part of ¢(r). We denote by A, the set of

overclustering errors that the data labeler aims to identify, defined as
A, = é(r)\ce(r). (4.5)

(B) The data labeler takes note of underclustering errors: records that are in
¢(r) but that are not in ¢(r). These can be found by using the search tool
(per (b) above). We denote by B, this set of underclustering errors that

the data labeler aims to identify, defined as
B, = c(r)\é(r). (4.6)

(C) Given A, and B,, the true cluster associated with record r is ¢(r) =

¢(r)\A, v B,.

At the end of this process, we have a sequence of sampled ground truth clusters
c(r1),c(rg), ..., c(ry) associated with each sampled record. Put together, the ground

truth clusters form a benchmark data set Cg that can be used for evaluation.
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4.3.2.1 Sampling Schemes

Many different designs can be used to sample clusters. We recommend randomly
sampling records with replacement and finding associated clusters, which is straight-
forward to implement and facilitates estimation. In this case, the probability that a
given cluster ¢ is sampled in any single draw is |¢|/N, i.e., this is sampling clusters
with probability proportional to their sizes.

Sampling clusters with probability proportional to |c| can result in increased
accuracy relative to simple random sampling of clusters. In particular, when a cluster-
level outcome of interest is correlated with the size of the cluster, the probability
proportional to size design offers smaller standard errors in estimates of population
quantities (Lohr, 2021). This is the case for PatentsView data, as large clusters tend
to be associated with increased chances for errors.

Other sampling designs can be leveraged, in which case the probabilities p. should
change to match the design. For example, uniform sampling probabilities p.ocl can be
appropriate when entities, rather than records, are sampled at random. As another
example, suppose the disambiguation algorithm provides match probabilities between
all pairs of records; that is, we have probabilities p,,. that records r,7’ € R are a
match for all (r,7"). Then, for a given record r € R, the expected number of records to
be removed to the predicted cluster ¢(r) in step (A) of the data labeling methodology,
the expected overclustering error from (4.5), is

E[|AT‘|] = Z (1 _pr,r’)- (47)

r’'eé(r)

Similarly, the expected number of records to be added to the predicted cluster ¢(r) in
step (B) of the data labeling methodology, the expected underclustering error from
(4.6), is

E[BA = 3 b (4.3)

r’'eR\é(r)
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We can sample records with probabilities proportional to the sum of these two
expectations, which could facilitate more accurate estimation of key metrics. However,
computing p. would be more complicated in this design, as it requires fitting a

probabilistic record linkage model as a first step.
4.3.2.2 Quality Control

Following data labeling, a quality control step is used to identify obvious errors in
the labeling. Through automated methods and validation with the data labeler, this
helps correct typographical errors and unintentional errors without changing the
intent of the labeler.

The first two properties used for quality control are the fact that A, < ¢(r) and
that r ¢ A,. If the set of overclustering errors identified by a data labeler does not
satisfy these constraints, then an error was made. To help identify errors in the set
of underclustering errors identified by a data labeler, one can look for records that
are not part of the same block as r, or that have highly dissimilar attributes to r.
These simple validations can catch most typographical and annotation errors in our

experience.

4.3.3 Error Analysis

We now consider the problem of analyzing entity resolution errors identified through
data labeling. This is done in complement to performance estimation (section 4.3.4)
that provides representative performance metrics, such as precision and recall, for a
given population of records R.

To motivate error analysis, note that adequate performance as measured by
performance metrics is a necessary but insufficient characteristic of machine learning
systems (Zhang et al., 2022). Complex or black-box machine learning systems can

fail in intricate or unexpected ways that are not acceptable, even when good overall
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performance is achieved (Oakden-Rayner et al., 2020). For example, systematic failure
to disambiguate inventor names from a given culture, for instance due to differences
in naming conventions, could be considered an unacceptable flaw even if the relative
prevalence of such inventors is low. It is therefore necessary to test systems and to
investigate errors to help identify such issues (Zhang et al., 2022; Poth et al., 2020).

Broadly, the goals of error analysis are to:

(i) Identify patterns in the error space. This includes identifying areas of low

performance and performance disparities between subgroups.

(ii) Identify systematic failures and their cause. For example, a simple systematic

failure may be related to the use of punctuation marks in names.

Our approach to error analysis has two main steps. In section 4.3.3.1, we define
record-wise and cluster-wise error metrics to obtain an interpretable and relevant
error space to analyze. In section 4.3.3.2, we show how to analyze performance
disparities by subgroups and we perform error auditing to identify common causes for
errors. Note that many other approaches from the machine learning testing literature
could also be relevant but go beyond the scope of this paper (Murphy et al., 2008;
Ramanathan et al., 2016; Zhang et al., 2022; Braiek and Khomh, 2020; Aggarwal
et al., 2019; Tuncali et al., 2020).

4.3.3.1 Error Metrics Defined at the Record and Cluster Levels

We propose metrics to quantify the errors made by a predicted clustering C , defined

as follows.

Definition 5 (Record-Wise Error Metrics). Let C be a clustering of a set of records
R, let C be a predicted clustering of R, and let » € R be a given record. We define
the following error metrics for comparing the true entity cluster ¢(r) associated with
7 to the predicted cluster é(r) € C associated with r:
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Error Indicator (EI): Thisis a binary error indicator defined as EI(r) = 0 when

the predicted cluster ¢(r) equals the true cluster ¢(r), and EI(r) = 1 otherwise.

Size Difference Error (SDE): This is the difference in size between the predicted

cluster ¢(r) and the true cluster ¢(r), defined as SDE(r) = |é(r)| — |c(r)].

Overclustering Error (0CE): This is the number of records in the predicted

cluster ¢(r) that are not part of the true cluster ¢(r), defined as OCE(r) = |A,| =

[e(r)\e(r)]-

Underclustering Error (UCE(r)): This is the number of records in the predicted

cluster ¢(r) that are not part of the true cluster ¢(r), defined as UCE(r) = |B,| =

|e(r)\é(r)]-

Additionally, we define the relative overclustering error (ROCE) as ROCE(r) = OCE(r)/|é(r)|

and the relative underclustering error (RUCE) as RUCE(r) = UCE(r)/|c(r)].

For a given cluster ¢ € C, we can define corresponding metrics by averaging over

its internal records r € c.

Definition 6 (Cluster-Wise Error Metrics). Given a cluster ¢ and a record-wise
error metric E, we extend E to clusters by defining E(c) = ‘—i| D e E(1), the average of
record-wise error metrics within the cluster. Specifically, we define the cluster-wise

error metrics

0CE(c Z OCE(r), UCE(c Z UCE(r), SDE(c Z SDE(r
C| rec TEC TEC
and
1
ROCE(c) = i > 'ROCE(r), RUCE(c Z RUCE(r), EI(c Z EI(r
&
rec rec TEC
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4.3.3.2 Error Auditing and Statistical Analyses

To understand errors and their causes, we consider cluster-wise error metrics, looking
at the characteristics of individual errors, and analyzing their relationship with
features of interest. We choose to focus on errors at the cluster level rather than at
the record level since this can be more interpretable in some applications, including
for inventor disambiguation tasks. Here, the clusters represent invidivual inventors,
and errors for disambiguating a given inventor can be understood in view of inventor
characteristics.

To illustrate, for PatentsView’s inventor disambiguation, we consider two analyses
based on cluster-wise error metrics. First, we consider marginal performance disparity
between imputed inventors’ ethnicities by computing performance metric estimators
(see section 4.3.4) within subgroups. We visualize the results by adapting the
performance bias module of the Deepchecks Python package (Chorev et al., 2022)
to include uncertainty quantification. Here, ethnicity is imputed using the Ethnicolr
Python package (Laohaprapanon et al., 2022) with a model trained on the 2010
Census Surname Files. These types of models have inaccuracies, but they can help
uncover failure modes that would otherwise remain hidden (Jain et al., 2022).

Second, to audit and classify errors, we manually review the list of errors, identify
meaningful categories, and report error rates across the categories (see Figure 4.7).
The manual review is assisted by a Streamlit web app (Streamlit, 2023) to browse
disambiguated clusters, visualize the differences between predicted and ground truth
clusters, and log error tags (see Figure 4.3). Specifically, for a given disambiguated
inventor, the user is shown a scatterplot of inventor mentions organized by membership
to predicted clusters on the vertical axis versus true clusters on the horizontal axis. All
inventor mentions associated with predicted clusters that intersect the true cluster are

shown, ensuring that both overclustering and underclustering errors can be visualized.
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Hovering over an inventor mention’s data point shows related information, including
stated name, assignee, location, patent title, patent grant date, and co-author last
names. Additionally, a raw data table can be explored, sorted, and searched, in
order to analyze errors in more details. For each disambiguated inventor in a review
sample, overclustering and underclustering errors are tagged if present according to a
potential cause for error.

Review

inventor_id
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True cluster Other
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,Reed Smith LLP,
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Same name
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Save
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FIGURE 4.3: Screenshot of the Streamlit app used for clerical error review. The
“inventor id” field at the top of the page selects a ground truth cluster whose label is
derived from the predicted cluster used as a starting point. The table below shows
how this ground truth cluster (first horizontal column) relates to predicted clusters
it intersects with on the x axis, with each point representing an inventor mention.
Observations regarding overclustering and underclustering errors are recorded below.
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Remark 9. Additional error analysis techniques can be relevant in some applications.
For instance, decision tree classification models can be used to relate cluster error
metrics with cluster features, as done in the SliceFinder algorithm (Chung et al.,
2019). The ER-Evaluation Python package (Binette and Reiter, 2023) implements

decision tree fitting and visualization tools for this purpose.

Remark 10. Defining performance metrics for subgroups requires some care. Suppose
that a subset of records R’ < R is associated with a group of entities of interest, such
as inventors of a given ethnicity. Naively, it may be tempting to restrict both C and
C to R/, before computing cluster-wise error metrics and estimators. This is not the
correct approach, as this is blind to errors in predicted links between records in R’
and records not in R’, and will artificially inflate performance metrics estimates. The
correct approach is to first identify entities C' = C corresponding to the subgroup of
interest. Then, cluster-wise error metrics can be computed for sampled clusters that
fall within C’, and performance estimates can be obtained by restricting the sample to
this subset. For example, with pairwise precision, this corresponds to estimating the
ratio of the number of pairwise links within clusters in C’ (true links) to the number

of links in C that intersect C' (predicted links involving C').

4.3.4 Performance Metric Estimation

We now turn to the problem of estimating performance evaluation metrics based on
benchmark (i.e., labeled) data sets. We assume that the benchmark data sets take
the form of a probability sample of true clusters Cs = (cq,...,cx). We denote by
Pe, € € C, the per-instance sampling probabilities, up to a global normalizing constant.

Many performance metrics commonly used for entity resolution (pairwise, b-
cubed, and cluster metrics) can be expressed in terms of the overclustering (0CE) and
underclustering (UCE) error metrics defined in (4.5), (4.6), and section 4.3.3, together

with functions of the predicted clustering C. This representation has the advantage
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of directly relating the data labeling process from section 4.3.2 to performance
evaluation metrics. As such, labeling uncertainty can be propagated to the estimation
of performance evaluation metrics. Furthermore, this representation disaggregates
performance evaluation metrics in terms of cluster-level performance, allowing fine-
grained error analysis as shown in section 4.3.3. Finally, this representation provides
a unified framework for performance estimation in terms of cluster-wise error rates,
allowing for efficient computation of all metrics and estimators from a single table
containing overclustering and underclustering error metrics. The framework can be
extended to the estimation of additional metrics through the use or specification of

appropriate record-level error metrics, as shown in section 4.3.4.3.
4.3.4.1 Representation Lemmas

We now provide the expressions for performance metrics that we use to derive

estimators.

4.3.4.1.1 Pairwise Precision and Recall

Let P be the set of pairs of elements belonging to the same cluster in C (predicted
pairs) and let 7 be the set of pairs of elements belonging to the same cluster in C
(true pairs). Precision P and recall R are defined as

:|Tm77| R=|TQP|.

P :
P 71

(4.9)

Lemma 4 expresses precision and recall as ratios involving the error metrics defined

in section 4.3.3.1.

Lemma 4. Suppose we sample one cluster ¢ from C at random. Let p. > 0 be

proportional to its sampling probability. Then

E[le|(je]| =1 =UCE(e)/p]  ,  Ellel(le| =1 = UCE(c))/pc]
E[lc[(Jc| — 1 + SDE(c))/pc]’ R = E[lc[(jc] — 1)/pe] : (4.10)
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4.3.4.1.2 Pairwise F-Score
Let Fj, 5 > 0, be the weighted harmonic mean between precision and recall, namely

p-1 2p-1 -1
F5:<%ﬁ62) . (4.11)

Lemma 5 provides an expression for I in terms of our error metrics.

Lemma 5. Suppose we sample one cluster ¢ from C at random. Let p. > 0 be

proportional to its sampling probability. Then

Eflel (le] = 1 = UCE(c)) /pe]

g [1el (1el 1+ &5:50E(0)) /]

(4.12)

4.3.4.1.3 Cluster Precision and Recall
Following Menestrina et al. (2010), we define cluster precision cP, cluster recall
cR, and cluster F-score as

cP = ‘C(jc‘, cR

C]

5 -1 2 .p—1\ 1
_e~cf cFﬁz(CP Ok ) L (413)

IC| 1+ (2

That is, ¢P is the proportion of correctly predicted clusters among all predicted
clusters, and cR is the proportion of correctly predicted clusters among all true

clusters.

Lemma 6. Suppose we sample one cluster ¢ from C at random. Let p. > 0 be

proportional to its sampling probability. Then

p _ NE[EI(o)/p] _ E[EI(c)/p] ~ E[N(1 + B*EI(c)/p.]
T Amnam ) YT TR p= N
ICIE [|e|/pc] E[1/p] E [(Nﬁ2 n |C||c])/pc]

. (4.14)
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4.3.4.1.4 B-Cubed Precision and Recall
The b-cubed (or B?) precision and recall (Bagga and Baldwin, 1998), here placing

equal weight on each ground truth cluster, are defined as

/\

le(r) né(r o | ) N é(r
A ér L my AEs w619

ceC rec ceC rec

PBB_

Lemma 7 expresses the b-cubed metrics in terms of the relative expected numbers

of missing or extraneous links.

Lemma 7. Suppose we sample one cluster ¢ from C at random. Let p. > 0 be

proportional to its sampling probability. Then

E[(1 — ROCE(c))/p.]
E[1/p]

Ry — E[(1- RUCE(C))/]?C]' (4.16)

E[1/p.]

Pps =

4.3.4.2 Performance Estimators

All of the expressions in section 4.3.4.1 are of the form,
c)l/Elg(c)], (4.17)

for two functions f and g, and where the expectations are taken with respect to
sampling the random cluster ¢. Under the assumption that ¢y, ..., c; are sampled
with replacement, we can estimate E[f(c)] and E[g(c)] using the empirical averages

fr and gy, respectively, where
I 1
fe = EZf(Ci)a gk = EZQ(Q‘)- (4.18)
i=1 i

We take the ratio of these averages, and thus obtain a ratio etimator for #. We
make further adjustments to reduce bias in the ratio estimator and its variance

estimator using the approach described in Binette et al. (2023). That is, our estimate
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of quantities of the form (4.17), given samples clusters cy, ..., ¢y, is

_ g__z { ggék < _ g(gj)) } . (4.19)

Our variance estimate is

v - (£) i 3 (e - L2y 20

4.3.4.3 Example Extension to an Additional Metric

D>

Our framework can be extended to estimate additional metrics. For example, consider
the cluster homogeneity metric, defined as the normalized conditional entropy between
the true and predicted clusterings (Rosenberg and Hirschberg, 2007). That is,
homogeneity is defined as

H(C|C)

"= ey

(4.21)

where

H(C|C) ZZ g C’ ‘C akd and H(C Z ]c] : (4.22)

ceC ¢l ’ C ’ ceC

Define the record-wise error metric H as

|¢(r)| — OCE(r)

Hr) = (e(r)] — 00E(r)) log =2

(4.23)

and, for a cluster ¢ € C, define the cluster-wise variant H(c) = ﬁ D H(T).

Lemma 8. Suppose we sample one cluster ¢ from C at random with probability

proportional to positive numbers p. > 0, ¢ € C. Then

C E[dE0)/p)
"= B e tog(lel/N) /o (4.24)

Similarly as before, expression (4.24) can be used to define a ratio estimator of
cluster homogeneity.
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4.4 Empirical Illustrations and Simulations

In this section, we first showcase the application our evaluation framework to
PatentsView’s inventor disambiguations. We then present results of a simulation
study to assess the accuracy of our performance metric estimators.

Our data labeling was performed using the methodology described in section 4.3.2,
resulting in a set of 400 cluster samples representative of data up to December 31,
2022. This benchmark data set is a direct extension of the work of Binette et al.
(2023), where some practical details of the data labeling process are explained in

more detail.

4.4.1 Summary Statistics and Quality Assurance

Figure 4.4 displays our summary statistics computed using PatentsView’s predicted
inventor disambiguations C as a function of time. For Hill numbers, we focus on Hy,
the number of distinct cluster sizes, and H;i, the exponentiated Shannon entropy.
Figure 4.4 also displays our estimates of the summary statistics for C, excluding H
and Hy, for disambiguations carried out on or before December 31, 2021 (black dotted
line).!

Figure 4.4 reveals several features of the evolution of these summary statistics and
their estimates. First, the average cluster size, matching rate, and name variation rate
statistics computed with C jump quite significantly around 2021, suggesting something
unusual has happened in that time frame. Second, the number of distinct cluster sizes
is roughly monotonic, except for early disambiguation history and again around 2021.
The monotonic trend is in line with expectations, as the number of distinct cluster
sizes should increase as data are added over time; the sudden break in the trend

around 2021 is not. The homonymy rate statistic drops over time, going down to

1 We cannot estimate the true value of summary statistics values for later disambiguations since
our benchmark data set only covers records up to December 31, 2021.
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Disambiguation Summary Statistics
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FIGURE 4.4: Blue line: Summary statistics for PatentsView’s history of predicted
disambiguations. Black dotted line: Estimates of the true value of the summary
statistics, based on the 2022 inventors’ benchmark data, with pointwise 95% confidence
intervals.

nearly 5% by 2024, meaning that almost 95% of inventor’s names are assumed to be
unique in the predicted disambiguation. The noticeable changes around 2021 coincide
with a change to the disambiguation algorithm, apparently one that impacts the
properties of the clusterings. We observe that summary statistics from C are mostly
within the confidence intervals for the corresponding quantities in C. This suggests
that the disambiguation algorithm generates clusterings with similar properties (as
measured by these summary statistics) as the true clustering. Regardless, the rather
significant changes in 2021 should motivate further investigation to ensure that the

data still meet quality expectations.
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One challenge with interpreting Figure 4.4 is that both the data and algorithm
change over time. It is possible to separate these two aspects by considering the
evolution of summary statistics for a fixed subset of the data. In Figure 4.5, we
consider inventor mentions from before August 2017 as a fixed data set over time.
This is the largest data subset that was disambiguated at all available time points,
allowing us to see the evolution of summary statistics over PatentsView’s entire
history.

The change patterns observed in Figure 4.4 are accentuated in Figure 4.5. For
inventor mentions dating from before August 2017, the average cluster size and the
homonymy rate from C now fall outside of the 95% confidence intervals, even though
that was quite not the case in Figure 4.4. Evidently, the quality of the pre-2017 data
disambiguation has been affected by changes to the algorithm over the period. In
fact, these changes were made to account for the significant amount of new data
incorporated in the years between 2017 and 2021. This observation highlights the
importance of considering the effect of change both in algorithms and in amount of
data when assessing disambiguation quality. Indeed, as we have previously noted,
the difficulty of entity resolution problems is not constant across data sizes; rather,
the opportunity for errors grows quadratically as a function of data size. Changes
made to account for growing data, and specifically to rebalance precision and recall,
since false match errors increase the fastest, will necessarily affect the characteristics
of the disambiguation of data subsets.

Overall, we recommend using summary statistics as a monitoring and quality
control tool, tracking both global behavior and properties of fixed data subsets. Un-
expected behaviors, sudden changes, or incompatibility with representative estimates,
should trigger an investigation to validate the quality of the system’s inputs and

outputs.
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Disambiguation Summary Statistics
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FIGURE 4.5: Summary statistics and estimates for the fixed data set of inventor
mentions dating up to August 2017. Disambiguations of this fixed data set have
changed over time, as changes to the algorithm were made and since information
from additional records was used to resolve entities. As before, the dotted line is the
estimate of the summary value for the true clustering of the August 2017 inventor
mentions. The shaded bands are pointwise 95% confidence intervals. Since the data
set is fixed in this case, the estimates are constant over time.

4.4.2 Performance Estimates

Figure 4.6 displays performance estimates over PatentsView’s disambiguation his-
tory, with plus or minus one standard deviation confidence intervals. There is an
important dip in performance before the beginning of 2021, which was then corrected.
Performance in view of these metric estimates has been mostly stable since 2022,
which provides some assurance in the quality of the linkages despite the changes in

the algorithm.
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Performance Estimates
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FIGURE 4.6: Performance metrics estimates and confidence intervals (plus or minus
one estimated standard deviation) over PatentsView’s disambiguation history. The
ground truth data only cover inventor mentions up to December 31, 2021. As such,
post-2021 estimates correspond to the accuracy of the disambiguation for data up to
that point.

The estimated pairwise precision generally has remained lower than the estimated
pairwise recall, and yet estimated cluster precision has been generally higher than
estimated cluster recall. There are two things to note about this. First, uncertainty
for the cluster precision estimates is large. This is because our sampling scheme,
sampling clusters with probability proportional to size, leads to relatively few sampled

instances of small clusters, despite small clusters being highly prevalent in the data.
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With cluster metrics putting equal weight on all clusters, this leads to higher estimated
standard deviation. It would be possible to reduce uncertainty for the cluster metric
estimates by increasing the sample size or by specifying an alternate sampling scheme
that is more likely to result in the observation of small clusters, for example, by
stratifying based on the predicted cluster size corresponding to each record before
sampling with probability proportional to size. This could be relatively inexpensive,
as manually reviewing small clusters is typically faster than reviewing large clusters.

Furthermore, it is surprising to see pairwise recall estimates being higher than
pairwise precision estimates since PatentsView has aimed to provide higher precision
than recall (three of our authors have been directly involved in PatentsView). One key
application of these metric estimates is to better align the accuracy and characteristics
of entity resolution with business objectives. Accurate performance metric estimates
can be used as objective functions for training machine learning models, for performing
model selection, or for calibrating a given model. Accuracy objectives and the relative

balance between metrics can be accounted for to satisfy requirements.

4.4.3 Error analysis

We now turn to the analysis of errors, their causes, and their relationship with features
of interest. Figure 4.7 displays the weighted relative frequency of observations made
by a clerical reviewer (the first author) when analyzing errors presented using our
error auditing tool. In practice, we would want to perform error auditing in two
passes. The first would be a brainstorming session, taking notes to identify and define
meaningful categories and labels that can be applied to different kinds of errors. A
second pass then would implement the strategy derived from the first stage, helping
provide actionable insights into causes of errors. Common issues could be investigated
further by a development team.

Here, we show the raw data from the first brainstorming step, as it helps illustrate
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Clerical Review of Clustering Errors
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FIGURE 4.7: Reviewer’s notes and their weighted relative frequencies for patterns in
overclustering and underclustering errors.

what kinds of observations and insights were first made. One common label is
“unknown.” This label is applied when an entity is not correctly disambiguated, but
it was not clear what could have been the cause of the error. As examples, a case
could be particularly ambiguous; there could be an error in the data labeling; or,
there could be insufficient contextual information in the data to justify combining
two predicted clusters or separating one predicted cluster into two clusters. A second
common label is “same name,” assigned to overclustering errors. This represents
cases where inventor mentions were merged because of a shared name, even though
other contextual information pointed towards the two representing different inventors.
Otherwise, common underclustering errors are associated with variation in name
spelling, such as a middle name being abbreviated or not, a name being hyphenated
or not, a first and last name being written in one order or the other (which is common

in certain cultures), or, less frequently, a typographical error in a name or an invalid
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character. A few underclustering errors are associated with the dissimilarity of patent
topics or a typographical error in the spelling of the assigned organization. For a few
cases, a labeling error might be a cause for the error. Note that the error auditing
did not aim at finding errors in the data labeling, and so this label only represents
anecdotal observations.

As previously noted, following a first observation and brainstorming step, a precise
error auditing plan should be prepared. This plan should include clear definitions
of a specific set of labels that can be applied to certain error cases. Following the
application of this second step, results regarding key issues in the disambiguation can

be communicated and used to consider mitigation methods.
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FIGURE 4.8: Performance difference from the baseline for inventors with an inferred
Asian and Pacific Islander ethnicity (API) or other inferred ethnicity.

Figure 4.8 displays performance disparities between inventors with an inferred
Asian and Pacific Islander ethnicity (API) or other inferred ethnicity. There is an
estimated 5% difference in F-score across these two subgroups. Although this is not a
very large difference considering the uncertainty in estimation, analyzing performance
disparities in this way can help identify subgroups for which more attention should

be directed in the design of disambiguation algorithms.
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4.4.4 Simulation Study

To conclude this section, we present two simulation studies. The first is based on the
RLDatal0000 data set, and the second second uses PatentsView data up to May 28,
2018.

The RLDatal0000 simulation is designed to evaluate the effectiveness of sampling
with probabilities proportional to cluster size when clusters are small. We use a
predicted disambiguation with high pairwise precision (91%) and high pairwise recall
(97%), as we believe this makes for a challenging estimation task. Indeed, many
clusters will be correctly disambiguated in this case, and therefore few errors will be
observed.

The PatentsView simulation is designed to validate the accuracy of our estimators
specifically when applied to PatentsView’s data. We use the December 30, 2021,
disambiguation as a “ground truth,” as we believe it is a close approximation to
the true clustering in terms of cluster size distribution. We use the May 28, 2018
disambiguation as a prediction of the “ground truth", as it is one of the earliest reliable
disambiguations produced by PatentsView. The May 28, 2018, disambiguation has
91% pairwise precision and 94% pairwise recall when compared to the December 30,
2021, disambiguation. This is a high accuracy bar, which makes the performance

estimation problem challenging.
4.4.4.1 RLDatal0000 Simulation

The RLDatal0000 data set (Sariyar and Borg, 2022) is a synthetic data set containing
10,000 personal information records with first name, last name, birth date, birth
month, and birth year. There are 1,000 clusters of size two and 8,000 singleton
clusters. Individuals’ names and birth dates sometimes appear with errors, and distinct
individuals sometimes share the same names or birth dates. As previously discussed,

we consider an “all-but-one” matching algorithm for our predicted disambiguation.

123



bias

rmse

coverage_2

Bias
weights=cluster_size weights=uniform
sample_size

Bl 200
.I I -—— = B I-_ I - M 400

‘R ||| ||| e e 1 g w s

0.002

-0.002

-0.004

estimator estimator

Root Mean Square Error

weights=cluster_size weights=uniform

sample_size
B 200
B 400
M 800

0.04

o Ml Ill Ill Ine II II ae oo III II Ill I I

&0 8¢, g, U, T, o c?/ P &, 8¢, U, U Y c?/ /
Y, b Sla,  Sle, Ste,. Wy "y, 7 l/ s, g, sy "y,
b@ b@ erp\] SRR /s se be, b e,,,\\l e% er g /‘S\@A\ e ~5‘e

7 Q & e 7 &, ... ¢ 4 R,
SC/S/OO Cay C‘/S o, =73 SO/S on Cay SC/S/ on 0@ W 0/8/0/7 =74 é’o/s on Sy
estimator estimator
Coverage against 95% target
weights=cluster_size weights=uniform
g 9
[ — . — e L8 - i
095 I.n- '- - i (L I. '. | = B g Iu- I-" r sample_size
B 200
0.8 B 400
M 800
0.7
0.6
0.5
8c 8c O U . Sy ~
G, @ Y, Y, Y, R, P, Ca C C Y, % s, % R, X
%@‘7,0%@ /:'e, ~ St » Ste, Q@%‘?@ %Se %SGQ ‘/beo, "b St ,,\\Jsfe, o St ~ 'I’V/Se %sep%se
78 & O, G 7 78 ) ... ¢ 7 LI
Crs C S, U Cls. G @c €, St U Clsy C
Sy, W n o oy Y K oy
estimator estimator

FIGURE 4.9: Simulation study based on the RLdatal0000 data set. The accuracy of

“all-but-one" matching algorithm was estimated by sampling ground truth clusters
in a simulation replicated 1000 times per set of parameters.
compared to the known accuracy of the algorithm, specifically, 91% pairwise precision
and 97% pairwise recall. Note that bias is below 0.4% in all cases.

That is, we link together two records if and only if they match on four or five

components among of first name, last name, birth year, birth month, and birth day.
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For evaluation, we sample clusters with replacement, either with probability
proportional to cluster size (the default approach) or with uniform probabilities.
These designs result in weights labeled respectively as “cluster size” and “uniform.”
We consider samples of sizes 200, 400, and 800. For each combination of parameters
and estimator, we replicate the sampling and estimation process 1,000 times. Since
we have ground truth for the RLDatal0000 data set, we can compute the bias and
root mean square error (RMSE) of the point estimates. We also compute empirical
coverage rates of approximate 95% confidence intervals. We consider coverage since
the extent of any deviation from the nominal coverage is easy to visualize and
understand. We note that it is generally challenging to achieve good coverage from
large-sample confidence intervals, especially when dealing with sparse data or skewed
distributions, as the distribution of the estimator is only approximately normal.

Figure 4.9 summarizes the results of 1,000 runs. The empirical bias is always
smaller than 0.4% and always less than 0.2% when going up to samples of size at
least 400. This validates the near unbiasedness of the estimators.

In terms of RMSE, the pairwise metric estimators are the least accurate, followed
by cluster estimators, and then the highly accurate b-cubed estimators. To interpret
the RMSE values for the pairwise precision estimator, we first point out that a data-
free (and not recommended) estimator of precision equal to 100% achieves RMSE
of 9%, since the true pairwise precision is 91%. With probability proportional to
cluster size sampling and at a sample of size 200, the RMSE is around 4.7%. This
decreases to 3.5% at sample size 400 and 2.4% at sample size 800. These RMSE
values, while not insubstantial, tend to be smaller than the corresponding RMSEs
from uniform probability sampling. To see why the cluster and b-cubed estimators
are more accurate, note that the pairwise estimators are defined in terms of pairs of
records that are predicted to match or that are true matches. There are only 1,000

matching pairs of records across the 9,000 clusters in this data set, and there is a
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roughly similar number of predicted matching pairs. This makes estimation difficult
as a large number of sampled clusters will not be associated with any predicted or
matching pair. On the other hand, cluster and b-cubed metrics are defined relative
to the populations of true and predicted clusters, for which we collect information in
each sample.

Finally, we consider the coverage of the approximate 95% confidence intervals.
The “coverage 2” label represents confidence intervals defined as the point estimate
plus or minus two times the estimated standard deviation. The coverage rate for both
precision and recall estimators is low at sample size 200. However, with sampling
probability to cluster size, coverage rates are at least 90% when using samples of size
400 or larger. At sample size 800, the coverage rate is roughly nominal. The coverage
rates when sampling with uniform probability weights are lower in general. This is due
to the fact that errors are more rarely observed with a uniform design, leading to sparse
data and a more variable standard deviation estimator. Overall, we attribute the
less-than-nominal coverage rates in lower sampler samper size to two factors, namely
non-normality of the estimator’s sampling distribution and excessive variability in
the standard deviation estimates. This is evident in the distribution of the standard
deviation estimator, displayed in Figure 4.10 for the pairwise precision and pairwise
recall estimators when sampling with probability proportional to cluster size. With
size 200, the empirical distribution of the pairwise recall standard deviations has a
point mass at 0. This corresponds to cases where no underclustering errors were
observed in the sample, leading to a recall estimate of 100% with 0 standard deviation.

Overall, we take away from the simulation study that the estimators can offer
accurate reflections of the performance metrics, especially when using probability

proportional to size sampling with sufficient sample sizes.
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FIGURE 4.10: Distribution of the standard deviation estimator for pairwise precision
and pairwise recall estimators, with probability proportional to cluster size sampling.

4.4.4.2 PatentsView Data Simulation

We now consider the simulation based on PatentsView data. We use the same
parameters as for the RLDatal0000 simulation described in section 4.4.4.1. Figure
4.11 displays the results of the simulation.

In terms of bias, uniform sampling weights are unreliable for estimating pairwise
precision in this simulation. We do not recommend using uniform sampling weights
for data like the PatentsView data, as large cluster sizes with many errors may not
be observed frequently in the sample. On the other hand, the bias of estimators is
negligible when using sampling with probability proportional to cluster sizes.

Considering RMSE, in this simulation, we see that sampling with probability
proportional to cluster size leads to reasonable RMSEs for b-cubed and pairwise
metrics estimators, and the uniform sampling design continues to be inadequate for
PatentsView data, as evident by the large RMSE of the corresponding estimators.
The reason for the large RMSE of cluster metrics estimates, when sampling with

probability proportional to cluster size, is the same as for their unreliable confidence
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interval coverage discussed in 4.4.2. That is, relatively few small clusters are sampled,
despite small clusters being the most prevalent. Since the cluster metrics put equal
weight on all clusters, with small clusters being the most prevalent, this leads to
increased variability of the estimates.

Considering the coverage of confidence intervals, we see similar behavior as in
the RLDatal0000 simulation when sampling with probability proportional to cluster
size. Coverage rates approach the nominal 95% level as the sample size grows.
Sample sizes of 400 or 800 appear necessary to obtain reasonable coverage with these
data. Confidence intervals of pairwise metrics are unreliable when sampling clusters
uniformly.

Overall, the simulation study demonstrates the effectiveness our estimators when
using simple random sampling of records, which is a convenient design for implemen-
tation and corresponds to sampling clusters with probability proportional to their
size. Accurate estimates can be obtained for sample sizes that are practical in real

applications.

4.5 Discussion

This paper introduces a novel evaluation framework for entity resolution systems. It
ties an entity-centric data labeling methodology together with informative evaluation
tasks, such as monitoring, performance estimation, and error analysis. Furthermore,
the framework unifies many aspects of the evaluation process through the definition
of two key metrics defined at the record or cluster level: the overclustering error and
the underclustering error (section 4.3.3.1). All of the performance estimators are
derived from these two metrics or simple variants, making it straightforward to relate
error analysis with performance metric estimates and to extend the framework to

estimate additional performance metrics.

128



We have demonstrated how our framework can be used in practice, without
requiring the use of sophisticated sampling schemes. Once a weighted benchmark
data set has been collected using our data labeling methodology, it can be used to
evaluate multiple different disambiguation algorithms in multiple different ways. The
labeled data are not tied to a singular algorithm or evaluation objective. Furthermore,
we validated the estimators and data labeling methodology in simulation studies,
providing evidence that sampling clusters with probability proportional to size (via
sampling records uniformly at random) can facilitate accurate estimation of key
metrics in different situations.

There is opportunity for future work on the design of refined sampling schemes
and estimators. A finite population sampling point of view would be useful to
accomodate smaller data sets and data sets with very large clusters. Adaptive sampling
schemes, or sampling schemes derived from model-based estimates, could improve
efficiency. Finally, more sophisticated ratio estimators and variance estimators could
be considered and compared, including model-based or model-assisted estimators
that use covariates available at the record level. Our unified evaluation framework
provides opportunity for such sampling schemes and estimators to be useful for a
large range of evaluation objectives. Furthermore, our framework accomodates the
propagation of labeling uncertainty into estimates. This is an important topic that
can be explored in more depth. Finally, it would be useful to be able to extrapolate
the performance of a given algorithm over time, as more records are collected, or when
applied to larger datasets. This could help extrapolate performance from artificial
benchmarks to real data, or help anticipate performance degradations. Our current

evaluation framework can be used as a starting point for these problems.
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Software

Our evaluation framework is implemented in the “ER-Evaluation” Python pack-
age (Binette and Reiter, 2023) available at https://github.com/0OlivierBinette/

er-evaluation/.
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4.6 Appendix

Proofs

Proof of Lemma 4. First, we express |P| as a sum over ¢ € C through

_ e o L (let) _ 1 .
|P|_§(2) ;alé(ﬂI( 2) géém)l 1). (4.25)

For a given cluster ¢ € C and r € ¢, adding and substracting |c|, we find |é(r)| — 1 =

|c| — 1 4 SDE(r). Substituting this expression into (4.25), we obtain

[Pl = 5 S5 (el — 1+ SDE(r) = 5 Sel (el 1+ SDE()). (426)

ceC rec ceC
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Similarly, we express |T n P| as

Tap =Y ;(’é“) A ("(”') IS mem -1 @)

= eé(r) ne(r)] 2 24
Using the fact that for r € ¢ we have |é(r) n ¢(r)| = |¢| — UCE(r), and averaging over
c € C, we find
T APl = % Z}Z(ycy — UCE(r)) = %ch\cmcy — UCE(c)). (4.28)
re ce

Finally, it follows from definition that

7] = 5 Slellel 1) (4.29

ceC

The lemma follows directly from our expressions for |P|, |P nT|, and |T| after re-
expressing them as expectations over a random cluster ¢ distributed with probabilities

proportional to p. > 0. O

Proof of Lemma 5. First write

1+ )T P
=R T 430)
Substituting (4.26), (4.29), and (4.28) in the above, we obtain
poo ()Tl ~UB) Sl -voBe)
STl = 1+ SDBI)+ 770 ~ 1) 3__if (1 — 1 + 0E(0)
(4.31)

The lemma follows after re-expressing the sums as expectations over a random cluster

c distributed with probabilities proportional to p. > 0. O

Proof of Lemma 6. Write p. = pc/ Y, .cc Pe for the normalized probability mass func-
tion of the random cluster ¢, and let w. = |C|~!/p. be the ratio of the constant
probability mass function to p.. From the fact that N = . __.|c| we can derive
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C| = N/E[|c|w.]. (4.32)

As such, we find

NE[EI(c)w,]
cnC EI(c C|E[EI(Qw.]| = ——F—— (4.33)
€l = 2 E1(e) = ICIEET(Ced] = i,
and, after simplifying normalizing contants,

€ ICIEllel/p]

The expression for cR is a standard self-normalized importance sampling representa-

tion, i.e.,

€€l gy BEIQw] _ E[EI()p
R=r TR = TR T TEupg 0 )

Finally, using (4.32) and (4.33), we find

_(+B)CACl_ (1+PEENuw] _ (1+ FIE[EI()/p]
€1+ &[] Cllcl+ 8 ICIEllel/p/N +E[8/pd]

(4.36)

]

Proof of Lemma 7. This lemma follows directly from definitions when using self-

normalized importance sampling representations as above. O

Proof of Lemma 8. This follows directly from the definitions (4.21), (4.22), and (4.23).
[
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FIGURE 4.11: Simulation study based on the PatentsView’s historical disambiguations,
where the December 31, 2021 disambiguation was taken as a prediction, and the
2018 disambiguation was taken as “ground truth". The accuracy of the
predicted disambiguation was estimated by sampling ground truth clusters in a
simulation replicated 1000 times per set of parameters. The estimates were compared
to the known accuracy of the algorithm, specifically, 91% pairwise precision and 94%
pairwise recall. Note that bias is essentially zero when sampling with probability
proportional to cluster size (the default approach), and only substantial for pairwise
precision estimates when sampling clusters with uniform probabilities.
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5. Optimal F-score Clustering for Bipartite
Record Linkage

Probabilistic record linkage is often used to match records from two files, in particular
when the variables common to both files comprise imperfectly measured identifiers
like names and demographic variables. We consider bipartite record linkage settings in
which each entity appears at most once within a file, i.e., there are no duplicates within
the files, but some entities appear in both files. In this setting, the analyst desires a
point estimate of the linkage structure that matches each record to at most one record
from the other file. We propose an approach for obtaining this point estimate by
maximizing the expected F'-score for the linkage structure. We target the approach
for record linkage methods that produce either a posterior distribution of the unknown
linkage structure or probabilities of matches for record pairs. Using simulations and
applications with genuine data, we illustrate that the F-score estimators can lead to

sensible point estimates of the linkage structure.

5.1 Introduction

Often entity resolution (ER) applications involve identifying duplicate records across
two databases, where each database has no duplication within. This particular
case of ER is called bipartite record linkage, since it corresponds to identifying a
bipartite matching between records of the two databases. Bipartite record linkage is

used, for example, when matching census records to a post-enumeration survey for
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estimating population coverage (Jaro, 1989; Winkler and Thibaudeau, 1991), when
linking conflict records for casualty estimation (Sadinle, 2017), in public health and
social sciences research (Jutte et al., 2011), and for combining customer records from
two lists in a customer relationship management system (Dyché and Levy, 2006).

Bipartite record linkage can be challenging for a variety of reasons, including the
computational complexity associated with the comparison of record pairs, bipartite
matching and transitivity constraints, and the probabilistic dependencies that these
constraints induce in the matching problem. As a result, researchers have proposed a
variety of methods for bipartite record linkage, ranging from rule-based approaches
to the use of unsupervised clustering models, probabilistic classifiers, and other
algorithms supporting different steps of the linkage process (Christophides et al.,
2021; Papadakis et al., 2021). For instance, when using the Fellegi and Sunter (1969)
framework for probabilistic record linkage to obtain matching weights, one can ensure
a bipartite linkage by solving a linear sum assignment problem Jaro (1989). This
approach was improved in McVeigh et al. (2019) to incorporate the bipartite linkage
constraint directly into a maximum likelihood estimator. Alternatively, one can
use a Bayesian model that incorporates the bipartite matching constraint in a prior
distribution, resulting in a Bayes linkage estimate under a chosen loss function Sadinle
(2017).

Regardless of the approach, it is desirable to have a point estimate of the bipartite
linkage structure. However, existing approaches have some limitations. To compute a
Bayes estimate, analysts need to specify a loss function, which may be difficult to align
with practical requirements. For instance, default parameters of the loss function
provided in Sadinle (2017) can lead to a linkage that underestimates the overlap
between databases. This causes issues in applications such as casualty estimation,
census coverage estimation, and other forms of population size estimation. Similar
challenges arise with the use of maximum likelihood estimation, which requires
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analysts to tune parameters to estimate the number of matches.

To facilitate the use of bipartite record linkage algorithms, we propose a post-
processing step that aligns with a commonly-used objective: to optimize the expected
F-score of the resulting linkage under the bipartite record linkage constraint. We
consider the F-score, the harmonic mean between precision and recall, as it is arguably
the most widely-used evaluation measure in record linkage applications. As a result,
optimizing the F-score often aligns with practical requirements.

More precisely, suppose a record linkage algorithm results in pairwise match
probabilities or in a posterior distribution on the linkage structure. From those, an
expected F-score can be computed for any possible bipartite record linkage. The
optimal F'-score clustering is the linkage that maximizes this expected F'-score. For
Bayesian record linkage, this corresponds to a Bayes estimator as described in Section
5.2.2.1. When using pairwise match probabilities, this maximizes a plug-in F-score
estimate as described in Section 5.2.2.2.

Our contributions can be summarized as follows.

1. We introduce an efficient algorithm to approximate the optimal F-score under
the bipartite record linkage constraint, and use it to construct a point estimate

of the linkage structure.

2. We demonstrate that this algorithm can be adapted to any probabilistic bipartite

record linkage model.

3. We validate the approach using both simulated and genuine data, demonstrating
that the F-score algorithm can yield more accurate point estimates of the linkage

structure than some existing point estimators.

4. We discuss accurately estimating the size of the population that overlaps in the

two data files.
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The remainder of the article is organized as follows. In Section 5.2, we introduce
the optimal F-Score algorithm. In Section 5.3, we discuss estimating the overlap
population size. In Section 5.4, we investigate the performance of the algorithm using
simulated and genuine data. Finally, in Section 5.5, we summarize the findings and

discuss potential directions for future research.

5.2 F-score Optimization Under a Bipartite Record
Linkage Constraint

Let A and B be two data sets comprising n 4 and nz records, respectively. We presume
ny = ng, without loss of generality. For ¢ = 1,...,ny4, each record A; € A has a
unique identifier, denoted A;o. Similarly, for j = 1,...,ng, let B;y denote the unique
identifier for record B; € B. Records A; and B; are called a match or a link whenever
Ao = Bjo, and called a non-match or non-link otherwise. The goal of record linkage
is to identify the record pairs (A;, B;) with A;p = Bjo.

Fori=1,...,ngand j =1,...,np, let ¢;; = 1 when A; and B; are a match, and
let ¢; ; = 0 otherwise. Let C = [¢; ;] be the n4 x ng matrix with ¢; ; as the element
in the ith row and jth column. We refer to C as the linkage structure. In bipartite
record linkage, we assume that each 4; is linked to at most one B;, and vice versa.

That is, for any given indices ¢ and j,

ns nA
Z Ci 4! < ]., Z Cit 5 < 1. (51)
j’'=1 i'=1

In practice, C is an unknown parameter estimated through some record linkage
model. Here, we consider record linkage models that result in either a probability
distribution for C, e.g., via a Bayesian model (as in, e.g., Fortini et al., 2001; Tancredi
and Liseo, 2011; Gutman et al., 2013; Steorts et al., 2016; Sadinle, 2017; Dalzell and
Reiter, 2018; Tang et al., 2020; Betancourt et al., 2022; Guha et al., 2022) or marginal
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probabilities p; ; that record pairs (A;, BB;) are matches, e.g., from a Fellegi and Sunter
(1969) model as in Enamorado et al. (2019b). With Bayesian record linkage models,
the posterior distribution for C is approximated usually with some Markov chain
Monte Carlo sampler, resulting in L plausible draws {C®) : s = 1,..., L} of the
linkage structure. These draws can be used to compute Monte Carlo estimates of
expectations or other summaries.

The posterior distribution for C or the estimated match probabilities generally
derive from a specified probabilistic model. For now, we do not specify any particular
model, since our approach to F-score optimization is agnostic to the structure of the

model.
5.2.1 F-score Objective Function and Estimators

For any record pair (A;, B;), let & ; be an estimate of ¢;; and C = [¢&,] be the
corresponding estimate of C. For any C and some weight 8 > 0, the F-score is

defined as

. (1+5%) 2 Cigciy

F3(C,C) = ) 5.2
p(C.C) B2 X Cig T 2 Cig >

The expression in (5.2) represents the weighted harmonic mean between precision
and recall. When 8 = 1, the F-score equally weights precision and recall.

We propose to utilize (5.2) to determine a point estimator Copt of C. Specifically,
we seek the C that maximizes (5.2), that is,

Copt = argmax Fj3(C, C), (5.3)
Cec

where C is the set of linkage structures satisfying the bipartite linkage condition. Of
course, typically Fg(é, C) is not observable since it requires knowledge of C. We

therefore must estimate F 5(@, C) for any C under consideration.
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We consider two approaches for finding Copt. The first method is appropriate
for settings where a posterior distribution of C is available. We use the posterior
distribution to approximate (5.2) and subsequently obtain a Bayes estimate from
(5.3). The second method is suitable for scenarios where we have point estimates for
the probability of a link for each record pair, which we denote as p; ;. In this context,
we approximate (5.2) using a plug-in approach and obtain a point estimate by solving

(5.3). We now describe these two approaches, starting with the first method.
5.2.1.1 Bayes Estimator

When a probability distribution for C is available, the expectation of (5.2) can serve
as a score function that we maximize. This yields the Bayes estimator,
Chayes = arg max [FB(C, C)} . (5.4)
CeC
Here, the expectation is taken with respect to the random variable C. A closed-form

expression for Cpayes does not exist. In Section 5.2.2, we present an optimization

algorithm to approximate the solution to (5.4).
5.2.1.2 Optimal Score Estimator

When estimates p; ; for record pairs’ p; ; are available, we can obtain an estimator by
maximizing a plug-in estimate of the F-score in (5.2). That is, we define the optimal

score estimator,

. (1+B2%) 20, Cijbig
Cos = arg max :

- —. (5.5)
cec PP Z” Dij+ Z” Cij

As with (5.4), no closed-form expression exists for Cos. However, the algorithm in

Section 5.2.2 provides an exact solution to (5.5).
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5.2.2 Algorithm for Approximating the F-score

We first present the algorithm for approximating CBayes from (5.4). This algorithm is
sufficiently general to be adapted for determining Cog from (5.5), which we discuss

subsequently.

5.2.2.1 An Approximation of CBayes

To approximate CBayes from (5.4), we adopt the general framework of outer and inner
maximization in Jansche (2007). Speaking broadly, for every possible number of
matches k£ within the range 0 < k& < ng, we perform an inner maximization. This step
involves approximating the C that optimizes (5.2) for a given k, which we denote as
CBayes(k). Then, in the outer maximization step, we search across all feasible values
of k. The CBayeS(k) that yields the highest value of (5.2) is the point estimator for C.

More formally, for a given k, let

CBayeS(k)z arg max E[Fg(C,C)]Z arg max ZézyE[

CeC, Y, ; &=k CeC,3,; j éij=F iy

(1 + B%)ciy

P22, c + k
(5.6)

The optimization expression from (5.6) represents an inner maximization step, which

is followed by an outer maximization step

CBayes = arg max E [FB(C, C)] ) (5.7)
Ce{éBayes(O)7---7CBayes(nB)}

For any given k, the inner optimization problem in (5.6) can be solved as a linear
sum assignment problem (LSAP), subject to the constraint of & links. In general,
LSAP solvers can find unique (bipartite) pairings between elements of two sets to
maximize a user-specified total score. The constraint >}, ; ¢ ; = k can be enforced
using various methods, as discussed in Ramshaw and Tarjan (2012). We use a data
augmentation approach to incorporate the constraint into the original LSAP problem,
as we now explain.
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For each record pair (A;, B;), let AE? =K [(1 + %) /(B X5 cig + k)} represent

a score for the pair; we use these scores in the LSAP. Let A®) be the n4 x ng matrix
with entry Ag? in the ith row and jth column. We create an augmented matrix A®)

of dimension (n4 + ng — k) x ng with elements in the ith row and jth column given

by
. AW i<
AW =i BES A (5.8)
" M otherwise,
where
_ 2\ /52 (k)
M =Fk(1+05%)/8 Zk‘HZl?XAm. (5.9)
Letting n4 = n4 + np — k, (5.6) is transformed into the optimization problem,
na np ~
arg maxZ Z éijAg?) (5.10)
¢ 1=
subject to,
nA
Zc] =1,j=1,....nga, (5.11)
i=1
ng
Db =Li=1,.. i (5.12)
j=1

This is a variant of the general LSAP formulation. The equality constraints in (5.11)
and (5.12) ensure that all ng elements of B have unique links to some elements
represented by the rows i € {1,...,na,na+1,...,n4 4+ ng—k} of A®).

The value of M in (5.9) is chosen to be large enough that the solution to (5.10)
links all elements in the augmented rows represented by i € {n4+1,...,n4 +ng—k}
to ng — k elements in B, leaving only k elements from the rows i € {1,...,n4} of A
linked to k elements of B. Specifically, M should be bounded below by & times the

largest element of A®). By setting M this way, any reassignment of matches between
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FIGURE 5.1: Example of an augmented matrix A® used in the LSAP. The circled
links optimize the total score for £ = 2 matches while respecting the bipartite
matching. (@)

A and B does not change the total score by more than M. As such, there will be
exactly np — k links between elements of B and the “dummy” elements represented by
ie€{nyg+1,...,ng +ng— k}, and the remaining k elements from B will be matched
to elements of A represented by i € {1,...,n4}. By disregarding the ng — k matches
from the augmented rows, we isolate the top k matches. Per the objective function
n (5.10), these k& matches maximize the score.

To illustrate how the solution to (5.10) solves (5.6), consider a simple example
where ny = ng = 3 and k = 2. In this scenario, we construct the augmented 4 x 3
matrix A®, as depicted in Figure 5.1. Here, the 3 x 3 sub-matrix across the first
three rows and columns represents A®). The row labeled A, represents the additional
row, where each element is given the score M = 4.0. The value of M is selected to
exceed kmax; A( ) = 1.8 per (5.9). The optimal solution to (5.10) includes one link
(ng — k = 1) to the “dummy” row A4 and two links (k = 2) to the records in B. The
augmented LSAP solver from (5.10) guarantees that the resulting estimate C® (the

circled record pairs in Figure 5.1) achieves the highest score with exactly k = 2 links.

Since closed-form expressions for Ag j) are not available, we use a Monte Carlo

approximation based on samples from the posterior distribution of C. Using the L
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posterior samples {C® : s = 1,..., L}, we estimate each AE? using

AW & L 0+
b L 2y o) Ty

,J T

(5.13)

These can be efficiently computed for all values of (i, j) and &k by using appropriate
data structures and exploiting the sparsity of C. Following Sadinle (2017), suppose
that samples from the posterior distribution of C are represented as ng x 1 vectors

7 = (29, ..., Z8)) where any Z](S) = i when ¢/” = 1 and ZJ(S) = n4 + j when

(]

s)

c;j — 0. Let Z be the ng x L matrix comprising the columns [ZM, ..., Z(")]; and,

let I = [I](-S)] be the ng x L matrix with elements I](S) = 1 when Z](S) < ny, ie.,

)

when record B; matches an element of A in iteration s, and I j(s = (0 otherwise.

(s)
0.

From Z, we reconstruct the nang x L sparse matrix C = [c;”/] with nynps rows
corresponding to pairs (\A;, B;) and L columns corresponding to the posterior samples.
For computational purposes, this matrix is represented internally in coordinate list
format (Bates et al., 2023) and computed with time complexity O(ngL) by iterating
through all elements of Z. Then, for a given k, the matrix A® can be vectorized by
computing

(1+p%)/L

Vec(AW) ~ C
el AT~ Com b

(5.14)

where matrix division is understood to be element-wise. Using the sparse matrix
representation of C, the multiplication between C and the column vector ((1 +

B2)/L)/(B*T"1 + k) in (5.14) is computed with time complexity O(ngL).
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5.2.2.2 An Exact Solution to éos

To compute Cog in (5.5), we again use the framework in Jansche (2007) and first

find the inner maximization solutions Cog(k) satisfying

(1 + 6*)piy

Cos(k) = argmax Gij . . (5.15)
C€C7Zi,j é@jk‘; /82 Zz,j plv] + k
We use these estimates to determine the outer maximization solution from
Cos = arg max F3(C,P), (5.16)

Ce{Cos(0),....Cos(nn)}

where P = [j;;] is the matrix containing all p;;.

The algorithm follows the same steps as the one used to approximate CBayeS,
except we replace AE? with its plug-in estimate, AE’? = ((L+8%)pi;)/ (B2 2, Dij + k).
Since no Monte Carlo approximations are used, the algorithm produces an exact

solution for (5.5).

5.3 Estimation of Overlap Size (&)

An important characteristic of any linkage structure C is the induced number of
matching records, ZZ ;Gig. We refer to this quantity as the overlap size. The overlap
size is directly related to the size of the joint population after removing duplicates,
which we write as nag = n4 + np — Z” ¢;j. Given an estimate C, we define the
estimated overlap size as ZZ ; Cij; similarly, we can define the estimated population
size as fap = na +ng — D, ; Cij

In some bipartite record linkage applications, one objective is to estimate the
overlap size accurately. For example, in as in Wortman (2019), researchers linked a file
comprising voters who cast provisional ballots to the official state voter registration file.
The overlap size represents the number of voters on the official voter registration file—
which includes current and no-longer registered voters—who cast provisional ballots.
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This quantity is needed to study the effects of local policies that removed voters from
the registration rolls. As another example, in checking the quality of the decennial cen-
sus, the Census Bureau matches records from the collected decennial population census
data to records from a post-enumeration survey. They need to estimate the number
of individuals who appear in both data sources, i.e., the overlap size, for use in esti-
mating undercount and overcount (https://www.census.gov/programs-surveys/
decennial-census/about/coverage-measurement/pes.html).

Since the F-score equally balances precision and recall (when choosing § = 1), we
can expect the F-score optimal linkage to produce accurate estimates of overlap size.
To motivate this, we note that the precision P is defined as the ratio of the number of
true positive links, ZZ i ¢;,jCi j, to the true overlap size, ZZ ;i Cig- Similarly, the recall
R is defined as the number of true positive links divided by the estimated overlap
size, Zz i Cij- Consequently, when P = R for a specific C, the induced overlap size
estimate should equal the true overlap size, i.e., ZZ ;Cig = Zl ; Cij- This property
suggests choosing an equal balance between precision and recall in the definition of
the F-score to be optimized.

Of course, we should evaluate the potential accuracy of estimators of overlap
size computed with the F-score approximations from Section 5.2. Before doing so,
however, we provide additional motivation for considering this point estimator over
existing methods. Here, we focus on the Bayes estimator introduced by Sadinle
(2017). While we do not delve into other methods, we highlight that these methods
generally do not directly optimize for accurate overlap size and thus may run into

similar issues.

5.3.1 Definition of the BRL Estimator (&)

We begin by presenting the Bayes estimator in Sadinle (2017), which we call the Beta

Record Linkage (BRL) estimator. Using the definition of Z presented in Section 5.2.2.1,
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let Z = (Zl, cee an) be the vector-representation of the estimated linkage structure
C. The Bayes estimator for Z is based on an additive loss L(Z, Z) parameterized by

positive constants (A1g, A1, A11). We have

ng
L(Z,2) = ) Li(Z;, Zy), (5.17)
=1

where

Ao if Z
/\01 iijITLA+j, jgnA,

&
N
N
T

/\11 if Zj,Zj < Ny, Aj #ZJ
Here, Ayq is the loss incurred for any record B; from deciding it has no link among A
when in fact it does; A\g; is the loss incurred for any record B; from deciding it links
to some record in A when in fact its match is not in A; and, A is the loss incurred
for any record B; from deciding it is linked to some record .4; when in fact its match

is some other record Ay, where k < n4. The BRL estimator is then

Zgry, — argmin E[L(Z, Z)]. (5.18)

Z
Suppose that we have the posterior distribution of Z given the data v used to
match records across A and B; we write this as p(Z|vy). We give an example of ~y
in Section 5.4.1. The BRL estimator can be computed by solving a standard LSAP.
In this context, we find the minimizer and use a matrix for the optimization step

interpreted in terms of costs rather than scores. The (i, j) element of the (n4+np) xnp

cost matrix is

A1 P(Z; = na+jly) + AP (Z; ¢ {i,na+ jHly) i <na
wi; = 4 MoP(Z; # na+ jlv) ifi=ng+j (5.19)

o0 otherwise.
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When both 0 < Ajg < A\g1 and A3 = g + Ao1, (5.18) has a closed-form solution

Sadinle (2017). Specifically, for j = 1,...,ng, we have

(5.20)

g _ )t if P(Z; = ily) > 5225 + 2200 P(Z5 ¢ {ina + jy)
! ng +j otherwise.

In this case, a necessary condition for linking the pair (A;, B;) is that P(Z; = i|y) > 0.5
(Sadinle, 2017). This is apparent when adopting the default parameters in Sadinle
(2017), namely Ajg = A\g; = 1 and Aj; = 2. These default parameter settings are used

in both the simulation and analyses of Section 5.4.

5.3.2 Conservative Nature of the BRL Estimator (&)

With the estimator in (5.20), the LSAP algorithm adopts a conservative approach in
declaring links, in that it requires P(Z; = i|y) = .50 Sadinle (2017). This reduces
the risk of incorrect linkages, but it can introduce bias in the estimation of overlap
size under certain linkage scenarios. As an example, consider a task of linking unique
individuals in a large data file A—which has near complete coverage of a population—
to participants in a survey data file B that overlaps with A. Within A, suppose
exactly two distinct individuals A; and A, share identical names with individual
B, € B. As a result, the posterior probabilities that Z; = 1 or Z; = 2 are both near
(but necessarily below) 0.5, as exemplified in Table 5.1. In this case, it is reasonable
to conclude that one of A; or A, is the true link to By, and therefore to count B; as
part of the overlap population. However, if we use (5.20), the BRL estimate fails to
declare any links for B; in A, even though the chance that B; is not linked to any
elements in A is only 2%. Similar issues can arise when more than two records in A
are highly plausible links for some B;.

Additionally, (5.19) can produce conservative estimates of links even when the

conditions in (5.20) do not apply. This is evident in the following proposition.

147



Table 5.1: Example of a linkage scenario where BRL selects no match for B; when
arguably B should be counted as part of the overlap population. ()

Index i for A; or for non-match | P(Z; = i|y)

1 0.49
2 0.49
3 0.00
4
)

0.00
0.00
na + 1 (non-match) 0.02

Table 5.2: Example of a general scenario where the LSAP algorithm does not declare
a link for B; when arguably it should be counted as part of the overlap population.

(&)

Index i for A; or for non-match | P(Z; = i|y)

0.25
0.25
0.10
0.09
0.01
na + j (non-match) 0.30

Tk | W N |-

Proposition 3 (Sufficient condition for a non-match (#)). The BRL estimator

declares record B; a non-link, i.e., Z; = na+ j, if

()\10 + )\01 - )\11)P(Zj =ny + jh/) = /\10 — )\11 + )\11 max P(Z] = Z|”}/) (521)

IRV

Proof. Suppose that the bipartite matching condition holds. Then, by assumption in
the proposition, for all i € {1,...,n4} we have

()\10 + )\01 - /\11)P(Zj =Ny + j) = )\10 — /\11 + /\HP(Zj = ’L|’}/) (522)

This implies that

M1 P(Zj=na+37)+ (1 = P(Z; =ily) — P(Z; = na+jlv)) = Mo(1 — P(Z; = na+ jlv)).
(5.23)
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As a result, we have

MrP(Zj =na+jly) + 2 aP(Z; ¢ {isna+ 3Hv) = MoP(Z; #na+jly).  (5.24)

The cost matrix defined by (5.19) implies that the LSAP algorithm will choose
Zj = ny + j for record B;. Note that the converse does not generally hold, as there
can be instances where the LSAP solver opts for Z; = n4 + j, yet the condition in

(5.21) is not satisfied. O

Proposition 3 reveals the connection between the posterior probabilities of having
no links and of the most likely link candidate in A. Given specified cost param-
eters (Ao, Ao1, A1), for any B; with a sufficiently low maximum link probability
max;.;<n, P(Z; = i|y), the LSAP algorithm always declares a non-link for record
mathcal B;.

For different choices of fixed cost parameters, we obtain different variations of
the sufficient condition. A particularly illuminating result follows under unity cost

(A0 = Ao1 = A11), which we state as a corollary below.

Corollary 2 (Sufficient Condition for non-match under unity costs (#)). Under the
unity cost assumption g = o1 = A1, a sufficient condition for a non-match for

record B; is

P(Zj =na+ jly) = max P(Z; = i|y). (5.25)

IRES Y

The sufficient condition in (5.25) assigns a non-link to B, when its posterior
probability of having no links is largest. This particular decision rule is reasonable
when the posterior distribution for Z; is characterized by large probability mass
either at Z; = nyg + j or Z; = ¢ for some i. However, if the posterior distribution is
multi-modal across a variety of potential links in A, the sufficient condition may be
undesirable. To illustrate, consider the example in Table 5.2. According to (5.25),

the LSAP will result in a non-link decision. This results mainly because of significant
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uncertainty in the match status, as reflected through a posterior distribution with
moderate probability masses placed on the decisions Z; = 1, Z; = 2, and Z; = ng +J.
In a comparison space with multiple instances like the one in Table 5.2, all would be
designated non-links by the LSAP. Such behavior may lead to underestimation of
overlap size in practice; for example, in Table 5.2, the posterior probability of there

being a match, 1 — P(Z; = na + j|v), is quite high at 70%.
5.4 Simulation Studies and Illustrative Examples

We now evaluate the Bayes estimator based on the F'-score using simulation studies
and applications. As a comparison, we also evaluate the BRL estimator described
in Section 5.3.1. To obtain both, we estimate the posterior distribution of Z using
the Bayesian record linkage model of Sadinle (2017), which we summarize in Section
5.4.1. In Section 5.4.2, we consider a simulation study with varying quality of the
variables used for matching and varying size of the overlap, i.e., the number of records
in A and B where A;p = Bjo. In Section 5.4.3, we consider genuine record linkage
applications for which ground truth is available.

We investigate three questions. First, does using the F-score estimator result
in higher quality record linkage performance? We evaluate this by computing the
F-scores for the point estimates using ground truth data. Second, does using the
F-score estimator provide accurate overlap size estimation? We evaluate this by
computing the overlap size induced from the linkage estimate and comparing it to
true overlap. Third, is using the F-score estimator compatible with model predictions,
particularly credible intervals for the population size obtained from the Bayesian
record linkage model? We evaluate this by assessing whether the estimated overlap is

inside the 95% credible interval.

150



5.4.1 Bayesian Bipartite Record Linkage Model (#)

Suppose each record A; € A and B; € B has F' shared attributes, which we call linking
fields. For any ¢ and j, let A; = (A;1,..., A r) and B; = (Bj1,...,B;r), and let

Vi j (yﬁ), o ,% y ) be the comparison vector derived from the linking fields for the

record pair. Each 71-7];) is the result of the comparison between A, y and B, ;. For

instance, 'y(f ) can be a binary indicator of whether field f is identical for A; and B;.

i?j

We assume that each fy( )

;; takes on dy = 2 possible agreement levels.

We suppose that each ’y-( )

;7 1s a realization of a random variable Fgf;). Let I';; =

1 F .
T, Forl=1,....dy, let my; = P(CY = 1|1Z; = i) and uy; = P(TY) =
l|Z; # i) denote the probability that field f takes on value [ for matches and non-
matches, respectively. The model of Sadinle (2017) assumes the F ) are conditionally

independent given Z;, so that

(=0
P(Ti; =iy | Zi =) =15, I T 1mfl (5.26)
Py =~ | Z 013=
(Do =i | Zi #4) = TT5 [T 1Ufz (5.27)

The model specification is completed with (uniform) Dirichlet prior distributions for
each my = (my1,...,myq,) and uy = (uy1, ..., uypq,), and a prior distribution on Z
that enforces the bipartite matching constraint Sadinle (2017).

The model parameters can be estimated using a Markov chain Monte Carlo
sampler. This results in L plausible draws of the linkage structure as represented
by (ZW,...,Z®")). In the simulations, we use the “BRL” package (Sadinle, 2020)
available in the software R to estimate the posterior distribution and obtain these

draws.
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Table 5.3: The m and u parameters for the three simulation scenarios. Here, we
present the probabilities that the fields match for linked records (my;) and do not
match for non-linked records (uss2). (M)

Error Level my1 Mo1 MM31 U2 U292 Uus,2
Low 0.93 0.93 098 094 094 0.98
Moderate 0.83 0.83 0.98 0.84 0.84 0.98

Moderate-High 0.83 0.83 0.88 0.84 0.84 0.98

5.4.2 Simulation Study (&)

We consider several data scenarios characterized by different overlap sizes and error
levels. To facilitate repeated sampling computations, we let n4 = 1000 and ng = 50.
We determine the overlap size by setting the proportion 7 of records in B that have
links in A as 7 € {26%, 50%, 75%, 100%}. In each scenario, we generate comparison
vectors for F' = 3 binary fields, where %(f;) = 1when A; ; = B,y and fyz-(j;) = 2 otherwise.
For each field f, we set my = (my1,mys2) and uy = (us1,uys2) to represent one of
three error levels, where smaller values in my; accompanied by smaller values in uy
indicate increased error levels in the linking fields. The parameter settings for each
level are displayed in Table 5.3. These parameter choices are guided by the values
of m; and uy from the RLdata500 data (Sariyar and Borg, 2022) that we use in
Section 5.4.3.1. Briefly, the low error scenario represents minimal errors across all
fields. The moderate and moderate-high error settings represent situations where
errors are introduced into two of the three fields to varying extents. When referring
to simulation results from the F-score point estimator and BRL estimator, we use
F-Algo and BRL, respectively.

Table 5.4 displays the simulation results. For each metric, the averages are
computed across 1000 independent simulation runs. Within any setting, the Monte

Carlo standard errors for the average differences of the F-scores and the overlap

sizes under BRL and F-Algo are below 107%. At low error levels, the BRL estimator
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Table 5.4: Average F-score, estimated file overlap, true overlap, and model-based
overlap 95% credible interval for 1000 replicates in the simulation study. F-score and
estimated overlap are computed from the BRL and F-Algo point estimates. (&)

100% A48 .50

[\)
(@)

Error Level Overlap F-score Est. Overlap True Overlap Overlap
BRL F-Algo BRL F-Algo 95% CI

25% .84 88 13 14 13 (14,50)

Low 50% .89 .91 21 28 24 (27,49)
75% .88 .86 33 35 37 (36,50)

100% .95 .95 46 46 50 (46,50)

25% 0 44 0 23 13 (0,48)

50% 0 45 0 28 24 (2,49)

Moderate 5% 0 52 0 32 37 (11,50)
100% .60 .99 29 41 50 (34,50)

25% 0 24 0 20 13 (0,48)

. 50% 0 39 0 30 27 (0,48)
Moderate-high 750, 50 o 31 37 (8,50)
)

38 50 (27,50

and the F-Algo estimator have comparable performances, both in the F-scores and
overlap size estimates. In scenarios with moderate to moderate-high noise, the F-Algo
estimator consistently outperforms the BRL estimator in the sense of higher F-scores
and more accurate overlap size estimates. In these settings, the BRL estimator is
overly conservative. In fact, it often declares all potential pairs as non-links, leading
to F-scores of zero. Not surprisingly, the absolute performance of both estimators
declines as overlap size decreases. With the lowest overlap and at least moderate
errors, F-Algo tends to assign too many record pairs as links, whereas BRL tends to

declare all record pairs as non-links.

5.4.3 Illustrative Examples

In this section, we evaluate the F-Algo estimator using data where the ground truth

is established. We begin by validating its performance on the RLdata500 (Sariyar

153



and Borg, 2022). RLdata500 is frequently used in the record linkage literature due to
its simplicity and low amount of error (Steorts, 2015). We then test its effectiveness

using the Union Army data (Fogel et al., 2000).
5.4.3.1 Linkage with the RLdata500

RLdata500 is a synthetic dataset comprising 500 personal information records, 50
of which are noisy duplicates. At most two records refer to the same person. The
linking fields include components of names and birth date.

We construct a bipartite version of these data as follows. First, we split non-
duplicated records at random between A and B. Second, for duplicated records,
we place the first record instance in A and the second instance in B. For string
attributes (first and last name), we construct %{ ; using normalized Levenshtein
distance thresholds at (0,0.25,0.5,1), which is the default in the “BRL” package
(Sadinle, 2020). For numeric attributes (birth year, birth month, and birth day), we
use binary %{ ; to indicate exact match on each field.

We consider four versions of the Bayesian record linkage model of Section 5.4.1.
The four models use different attributes for linkage. Model A only uses birth year,
birth month, and birth day. Model B only uses the last name and birth year. Model
C uses first name, last name, and birth year. Model D uses first name, last name,
birth year, birth month, and birth day. We fit the models using the “BRL” package
with default hyperparameters, collecting 20,000 posterior samples after a burn-in of
5,000 iterations.

Table 5.5 displays the results for the RLdata500 illustration. For Model A, Model
C, and Model D, the F-score and estimated overlap size for F-Algo and BRL are
identical. For Model B, the F-Algo estimate has a marginally higher F'-score than
the BRL estimate. In all cases, the estimated overlap size is inside the 95% credible

interval. These observations are line with results from the simulation study, where the
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Table 5.5: F-score, estimated file overlap, true overlap, and model-based overlap
95% credible interval for the four models estimated using RLdata500. F-score and
estimated overlap are computed from the BRL and F-Algo point linkage estimates.

F-score Est. Overlap True Overlap Overlap

BRL F-Algo BRL F-Algo 95% CI

Model A 0.71  0.71 32 32 50 (40, 122)
Model B 0.76  0.78 47 52 50 (37, 109)
Model C  0.90  0.90 43 43 50 (43, 58)
Model D 0.98  0.98 51 51 50 (49, 54)

two estimators offer similar results in the absence of substantial errors in the linking
fields. Directly maximizing the expected F-score is compatible with anticipated

behavior in these benchmark data.
5.4.3.2 Linkage with the Union Army Data

The Union Army data comprise a longitudinal sample of Civil War veterans collected
as part of the FEarly Indicators of Aging project (Fogel et al., 2000). Records of
soldiers from 331 Union companies were collected and carefully linked to a data file
comprising military service records—which we call the MSR file—as well as other
sources. These records also were linked to the 1850, 1860, 1900, and 1910 censuses.
The quality of the linkages in this project is considered very high, as the true matches
were manually made by experts (Fogel et al., 2000). Thus, the Union Army data file
can be used to test automated record linkage algorithms.

We consider re-linking soldiers from the MSR data to records from the 1900
census, which we call the CEN data file. For the linking fields, we use first name, last
name, middle initial, and approximate birth year. This linkage problem is difficult for
automated record linkage algorithms due to the presence of soldiers’ family members
in the CEN data. Furthermore, not all soldiers from the MSR data have a match in

the CEN data.
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We use two types of blocking to reduce the number of comparisons: on birth place,
or on last name initial. For each scheme, we estimate the Bayesian record linkage
model separately in the blocks. The first blocking scheme uses birth place. Here, we
present results for a block comprising all records with birth place of Michigan; we call
this Block 1. This block has 529 records in the MSR data and 1840 records in the
CEN data. The second blocking scheme uses the first letter of the last name. Here,
we present results for a block comprising all records with last name starting with
“O” as in Osborn or O’Connell; we call this Block 2. This block has 504 records in
the MSR data and 599 records in the CEN data. We note that blocking based on
last name initial rather than birth place tends to result in more erroneous linkages.
Individuals are more likely to have the same or a similar last name if they are grouped
by last name initial than if they are grouped by birth place.

We consider two versions of comparison vectors, which results in two record linkage
models. Model E uses Levenshtein distances to compare names with thresholds
(0,0.25,0.5,1), a binary comparison for middle initial, and a three-level comparison
with threshold for birth year. Here, we quantize differences in birth years to the
bins [0, 1], (1,5], and (5,%0). Model F is a slight modification, using the thresholds
(0,0.1,0.5,1) for Levenshtein comparisons instead.

For each comparison vector set, we fit the Bayesian record linkage model described
in Section 5.4.1 using the “BRL” package with default hyperparameters, collecting
20,000 posterior samples after a burn-in period of 5,000 iterations.

Table 5.6 displays the results from the linkage with the Union Army data. In
the case of Block 1, the BRL and F-Algo estimates perform similarly, with the same
F-score for Model E and only a marginal difference for Model F. For the estimated
overlap, the F-Algo estimates are closer to the truth. In the case of Block 2, when
there is more ambiguity, the F-Algo estimates have substantially higher F-scores

than the BRL estimates. Furthermore, the estimated overlaps using F-Algo are inside
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Table 5.6: F-score, estimated file overlap, true overlap, and model-based overlap 95%
credible interval for the combinations of two models and two blocks for the Union
Army data. F-score and estimated overlap are computed from the BRL and F-Algo
point linkage estimates.

F-score Est. Overlap True Overlap Overlap

BRL F-Algo BRL F-Algo 95% CI

Block 1 Model E 0.87  0.87 154 161 188 (150, 178)
Model ¥ 0.74  0.75 117 138 188 (125, 161)

Block 2 Model E  0.51  0.66 58 88 144 (77, 110)
Model F 0.23  0.57 22 88 144 (59, 99)

the 95% credible intervals, whereas the estimated overlaps using BRL are not. As
seen previously, the F-Algo estimator tends to be less conservative than the BRL
estimator in the presence of higher uncertainty, and thus can estimate the number of

overlap links more accurately.

5.5 Discussion

We propose a post-processing algorithm for point estimation of the linkage structure
in bipartite record linkage tasks. Given either a posterior distribution or pairwise
match probabilities, the algorithm obtains a point estimate through approximately
maximizing the expected F-score. The proposed optimization algorithm extends the
approach in Jansche (2007) to bipartite record linkage. By exploiting the sparsity
of the linkage matrix, we implement several computational efficiency improvements,
ensuring that the algorithm achieves a satisfactory complexity bound. Results from
the simulation study and illustrative applications highlight the potential for improved
performance over other estimators when linking fields are measured with error.

One area for future research involves incorporating an explicit constraint for

overlap size accuracy into the algorithm. Currently, optimizing over the expected
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F-score implicitly balances precision and recall. However, it would be possible to
integrate this balance directly into the score function, penalizing deviations of the
precision-recall ratio from unity. Implementing such a constraint may improve the
algorithm’s performance, particularly in scenarios with small overlap size, where our
F-score optimization approach is currently less effective. Additionally, while we focus
on comparing F-score optimization with the BRL estimator, it also would be valuable
to assess how the plug-in approach of (5.18) compares to other methods, such as the
approaches in Fellegi and Sunter (1969) or Jaro (1989). Lastly, improvements can
be made to enhance computational efficiency. A promising approach is the use of
Bayesian or Lipschitz optimization algorithms to speed up the outer optimization
step in (5.7). By identifying and applying an appropriate Lipschitz bound, we can
efficiently exclude values of CBayes(k) from the search space that do not lead to global
maximums. This strategy is especially valuable in problems with large ng, where
the discrete search space for the optimal CBayes(k:) may make it difficult to run the

algorithm presented here efficiently.
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6. Improving the Validity and Practical Use-
fulness of AI/ML Evaluations Using an Es-
timands Framework

Commonly, Al or machine learning (ML) models are evaluated on benchmark datasets.
This practice supports innovative methodological research, but benchmark perfor-
mance can be poorly correlated with performance in real-world applications—a
construct validity issue. To improve the validity and practical usefulness of evalua-
tions, we propose using an estimands framework adapted from international clinical
trials guidelines. This framework provides a systematic structure for inference and re-
porting in evaluations, emphasizing the importance of a well-defined estimation target.
We illustrate our proposal on examples of commonly used evaluation methodologies—
involving cross-validation, clustering evaluation, and LLM benchmarking—that can
lead to incorrect rankings of competing models (rank reversals) with high probability,
even when performance differences are large. We demonstrate how the estimands
framework can help uncover underlying issues, their causes, and potential solutions.
Ultimately, we believe this framework can improve the validity of evaluations through
better-aligned inference, and help decision-makers and model users interpret reported

results more effectively.
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6.1 Introduction

Evaluating AT or machine learning (ML) models is critical at all stages of ML projects,
influencing both development and deployment phases (Reich and Barai, 1999; Schelter
et al., 2015). It facilitates comparisons among algorithms, guides feature selection
and training, and allows for iterative refinements while ensuring robust performance
in production settings.

Commonly, models are evaluated by measuring performance on benchmark
datasets (Liao et al., 2021). The practice has many limitations despite being a
key contributor to fast progress in the field (Dehghani et al., 2021). In many dis-
ciplines, benchmark performance metrics often do not generalize well to real-world
capability (Liao et al., 2021; Wang et al., 2022). Ferrari Dacrema et al. (2019) and
Hutson (2020) documented “phantom progress,” where inappropriate use of bench-
mark datasets and baseline methods leads to misleading performance estimates and
an illusion of progress. Oakden-Rayner et al. (2020) showed how “hidden stratifica-
tion,” where meaningful subgroups are not identified in benchmark datasets, can lead
to hidden failure modes that performance metrics fail to represent. More broadly,
Hutchinson et al. (2022) observed that the “idealized breadth of evaluation concerns”
is not reflected in common benchmark-based evaluation practices. These types of
issues are sometimes referred to as construct validity issues, i.e. a misalignment
between theoretical goals and practical measurement or inferencial methods (Sjoberg
and Bergersen, 2022; Biderman et al., 2024)

To help address these issues, we propose adapting the estimands framework from
international clinical trials guidelines (ICH, 2019; Phillips and Clark, 2021) to ML
evaluation. The goal of the framework is to better align evaluation objectives with
the design of evaluations (e.g., how to acquire data and what measurements to make)

and the data analysis (e.g., how to summarize results and how to make inferences).
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It achieves this by emphasizing the importance of having well-defined targets of
estimation, the estimands, to enable aligned and efficient evaluations. Without
well-defined estimands, evaluation stops at taking measurements and cannot make
meaningful generalizations or inferences, or cannot clearly report results that a broad

community of users.

“Incorrect choice of estimand and unclear definitions for estimands lead to
problems in relation to trial design, conduct and analysis and introduce
potential for inconsistencies in inference and decision making.” (ICH
Steering Committee, 2014)

The estimands framework formalizes statistical best practices, providing key steps
to accurately describe the estimation target (the estimand) and emphasizing the
subtler considerations that contribute to a meaningful definition. It is quite simple and
straightforward, but nonetheless an important reminder and standardized structure
for key components that must be considered in practice. Figure 6.1 provides an
overview of the framework adapted to ML evaluation, illustrating the components
of an estimand and its relationship with an evaluation objective and data analysis.
More details are given in Section 6.4.

To support our proposal, we consider three examples that demonstrate failures of
commonly used evaluation methodologies and how the estimands framework reveals
causes and solutions. The examples are related to a fundamental evaluation problem:
the accurate ranking of ML models according to a chosen dimension of performance.
We define a performance rank reversal as occurring when a model is wrongly deemed
superior to another, despite the opposite being true (see Section 6.3.1).

Our examples show that rank reversals can occur using commonly used evaluation
methodologies in simple applications, despite substantial performance differences
between models. They use common practices in the literature but are simplified
to demonstrate that problems can arise even in the simplest situations. The three
examples are:
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FIGURE 6.1: Estimands framework adapted from ICH (2019) for ML model evaluation,
as described in Section 6.4. An evaluation objective is translated to an estimand. An
estimand is characterized by (A) a metric or choice of measurement, (B) a specific
scope (a population) to contextualize the metric, (C) a data acquisition strategy
(including how missing data, data annotation inconsistencies, and other data issues
are handled), and (D) an aggregation/summarization of the metric values over the
given scope/population. Next, a main estimator is chosen to provide a sufficiently
accurate estimate at minimal cost. Uncertainty regarding the estimation procedure
can be separately or jointly estimated, accounting for sensitivity to the choice of the
main estimator and its underlying assumptions.

Cross-Validation Example (Section 6.3.2): Unbiased cross-validation estima-
tors (Stone, 1974; Bates et al., 2023) are widely used for model selection.
We show in a simple regression example how cross-validation can lead to the

selection of the worse model with high probability.

Clustering Evaluation Example (Section 6.3.3): Evaluating clustering models
for entity resolution applications (Christophides et al., 2021), such as identity
clustering based on face images (Shi et al., 2018), often relies on computing an

F-score on a small benchmark dataset (Shi et al., 2018; Yin et al., 2020). We
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show how the resulting F-score can be biased and unreliable for ranking models.

LLM Benchmarking Example (Section 6.3.4): We show how the composition
of LLM benchmark datasets (Srivastava et al., 2022) along unmeasured di-
mensions can affect the relative performance of LLMs, making it difficult for

rankings to generalize.

We apply the framework to each example to show its practical use in reviewing
and developing evaluations. We also discuss some of the subtler issues involved in the
definition of an estimand. Specifically, the application to the cross-validation example
shows the importance of considering context and population for valid inferences. We
use the clustering evaluation example to emphasize the impact of data acquisition
issues on the definition of an estimand, and we use the LLM benchmarking example
to discuss the potential of multi-criteria decision making methods

In summary, by using the estimands framework as scaffolding, we can ensure that
ML evaluations are well aligned with key goals, that they produce valid inferences,
and that their results are meaningful for applications and model users.

The rest of the paper is organized as follows. In Section 6.2, we provide background
on ML evaluation and the approach of our paper by describing the importance of
measurement, inference, and reporting in evaluations. Section 6.3 describes our
three examples. We introduce our examples before the estimands framework to show
how certain evaluation problems can be unexpected or surprising when they are not
properly contextualized through the framework. Section 6.4 introduces the estimands
framework and applies it to each example. Section 6.5 summarizes our findings and

discusses broader potential for the estimands framework to improve ML evaluations.
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6.2 Background

In Section 6.2.1, we define “models” and “evaluation,” and discuss common ML
evaluation practices and their goals. In Section 6.2.2, we discuss our approach to ML

evaluation.

6.2.1 Definitions and Related Work

We use model as an umbrella term for trained and untrained models, ML algorithms,
and ML/AI systems. The scope is broad since we focus on statistical evaluation rather
than any particular ML subfield. The statistical evaluation principles we discuss are
widely used in applied statistics and other domains, such as clinical trials biostatistics.
Therefore, we believe they are also useful for a wide range of ML applications.

We define evaluation as a study with the goal of making value judgments to guide
action, decision, or change. See Wanzer (2021) for relevant discussion. We emphasize
the scientific components of evaluation, and its goal of providing judgments that have
practical consequences. The importance of judgemental evaluation is emphasized
in Mathison (2005), and the importance of action-oriented outcomes is emphasized
in Tong et al. (1987). For example, clinical trials aim to determine the efficacy,
safety, and other characteristics of medical treatments, with a direct impact on
clinical practice. Evaluation may be focused on developing cost-effective methods.
For instance, adaptive designs are developed to reduce costs, improve accuracy, and
improve patient outcomes in clinical trials.

There are three core components to evaluation: measurement, testing/inference,
and reporting. Measurement captures a given characteristic of an object or state
of the world. For example, in LLM evaluation, measurements are the scoring of
responses on evaluation items. A large literature investigates techniques to efficiently

and reliably score responses using human judges or automated methods (Liu et al.,
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2023; Zhang et al., 2023; Zheng et al., 2024). Testing/inference involves checking
assumptions and expectations, often probabilistically, to determine if we are likely
right or wrong. In ML evaluation, inference might translate measurements from a
training dataset to an expected generalization error. Statistical testing can assess
the significance of performance differences between models (Dehghani et al., 2021).
Reporting involves summarizing and communicating evaluation results, addressing the
needs of its consumers. It bridges scientific insights and real-world change, requiring
sufficient effort in summarization, communication, and analysis to support actions or
change.

Too often, ML evaluations stop at measurement, only computing scores on a
benchmark dataset (Post, 2018; Dehghani et al., 2021; Colombo et al., 2022; Srivastava
et al., 2022). In these cases, there is often no uncertainty regarding the target of
estimation and no direct consideration of how performance might generalize beyond
the benchmark.

Even when inferences are made, say by estimating generalization performance
through cross-validation, the process may not align with evaluation objectives. For
instance, it is known that cross-validation estimators are often only weakly correlated,
or even negatively correlated, with the generalization performance of a given model
(Hastie et al., 2009; Bates et al., 2023). Whether or not a cross-validation estimate is
representative of the generalization performance of a given trained model must be
checked. This example is discussed in more detail in Section 6.4.2.1.

On the reporting front, standardized approaches like data cards and model cards
are widely used (Mitchell et al., 2019; Pushkarna et al., 2022). But interpreting
benchmarking results and performance evaluations can be difficult. Complex or
unmeasured characteristics of a benchmark dataset impede understanding of what it
represents and how results translate into practice (Dehghani et al., 2021). Another
problem is the lack of reporting of disaggregated metrics or item-level performance
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(Burnell et al., 2023). Furthermore, relatively little attention has been given to
aggregating or reporting scores from multiple tasks (Colombo et al., 2022). Even with
a clear evaluation objective, determining the adequacy of the evaluation methodology
can be challenging. As shown in our examples (Section 6.3), many evaluation

methodologies lead to rank reversals with high probability.

6.2.2 ML Evaluation as a Discipline

We treat ML evaluation as a dedicated discipline, focusing on applied performance
estimation rather than model development. While evaluation is often tightly coupled
with model development, is should also be considered as a separate topic to (1)
ensure the robustness and efficiency of evaluations, (2) avoid conflicts of interest or
misaligned incentives in high-risk applications, as emphasized in Board of Governors
of the Federal Reserve System (2011), and (3) ensure that evaluation results are
useful to decision-makers or model users. This separation is particularly important
given the increased usage of general-purpose and pre-trained ML models across a
wide range of software systems. In this context, evaluation is a separate activity
closely tied to an application area rather than the development or refinement of a
model. The large number of ML models used in many organizations motivates the
development of efficient methodologies and systematic evaluation processes applicable

across multiple domains.

6.3 Three Examples Leading to Rank Reversals

In this section, we define rank reversals and describe three examples where commonly
used evaluation methods have high probability of rank reversal.

The examples provide motivation for the estimands framework, which is introduced
next in Section 6.4. We delay explaining the cause for evaluation problems until

Section 6.4, where we revisit each example to show how the framework provides the
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necessary scaffolding to follow best practices and resolve issues. Our examples are

intentionally simplied to highlight common evaluation problems, not best practices.

6.3.1 Defining Performance Rank Reversals

Consider two models, A and B, that we want to rank by a performance metric
© such as generalization accuracy. These models may be pre-trained and fixed,
or viewed as random to account for variability in the training process or training
data. We denote by ¢(A) and ¢(B) the scores of the two models under p. A
statistical evaluation methodology provides two corresponding estimators ¢(A) and
@(B). Although estimating ¢ directly can be challenging in some situations, the
ranking of alternatives generated by ¢ should reflect the ranking produced by ¢, with
sufficient probability. If not, the estimators are said to cause a rank reversal.

We formalize the general notion of rank reversals in Definition 7 below.

Definition 7 (Rank Reversals). Let ¢ be a performance metric of interest, and let
A, B be two given models. The probability of rank reversal for the estimators ¢(A)
and ¢(B) is defined as

P (rank {3(A), ¢(B)} # rank {i2(A), ¢(B)} ). (6.1)

where the probability taken with respect to the joint distribution of the estimators

and the models A and B.

Note that the underlying probability space varies by context. In our cross-
validation example of Section 6.3.2, we analyze properties of estimators from the
perspective of hypothetical resampling of a training dataset and the following model
training. In our clustering evaluation example of Section 6.3.3, we consider two fixed,
pre-trained models, and randomness is introduced by labeling a sample of the data.
In our LLM example of Section 6.3.4, everything is fixed and the probability of a

rank reversal is either 0 or 1.
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Rank reversals have significant consequences and costs in applications, beyond
the direct impact of performance loss. For example, in the early stages of model
development, rank reversals can lead to discarding useful features or modalities,
thereby hindering future performance (Wang et al., 2022). These effects can compound

throughout model development, leading to high costs.

6.3.2 Rank Reversals With Cross-Validation

6.3.2.1 Background on Cross-Validation

Consider a supervised learning problem with independent and identically distributed
data points (X;,Y;) € X x Y for i € N. A training algorithm .4 maps a set of examples
D to a model represented by a function fp : X — Y. Given a loss function ¢(y,y) = 0
and n examples D,, = {(X1,Y;)},, the training algorithm aims to learn a function

A~

fp, that minimizes the expected generalization error

Ertyen(fp,) = E [E ( o (Xoin), Yn+1> | Dn] . (6.2)

This generalization error cannot be computed exactly without knowledge of the
distribution of (Y;, X;). However, it is commonly estimated using cross-validation.
For example, with leave-one-out cross-validation, we consider a point (X,Y’) € D,

sampled at random, a function fps learned from D* = D,\{(X,Y)}, and we compute

S|

Vil o) = E[¢ (for (X)) 1 D] = 2320 (oo (X0.30) . (63

The cross-validation estimator is considered “unbiased” in the sense that
E | Ertgen(fp,) = CVioo(fo,)| = 0. (6.4)

Remark 11. It is well known that the cross-validation estimator CV),( fpn) is
better at estimating the unconditional generalization error E [Errgen( fpn)] than the
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conditional generalization error Errge, ( fp,) (Hastie et al., 2009; Bates et al., 2023).
However, in practice, the conditional generalization error is the target metric of interest
since we care about the performance of a realized model. The key observations of
Section 6.3.2.2 below do not change based on the choice of conditional or unconditional
generalization error as a target metric. Rank reversals occur with high probability

for both choices of target metrics.
6.3.2.2 Example: The California Housing Dataset

Unfortunately, cross-validation estimators can lead to a high probability of rank
reversal, even in simple examples with large performance differences between two
models.

We illustrate this problem in a simple, standard example. Consider the California
Housing Dataset, which contains information on house attributes in N = 20,640
California block groups from the 1990 U.S. Census. For a given Census block group i,
the response variable Y; is the Census block group’s median house value. The feature
vector X; has 8 numerical dimensions. The goal is to learn a predictive function for
the median house value that minimizes the generalization performance, using a mean
squared error loss function. We consider a training dataset D,, of n = 2,000 examples,
randomly selected with replacement from the set of California Census block groups,
and two training algorithms: (A) a simple linear regression, and (B) a decision tree
model with a maximum depth of 5, using default scikit-learn parameters for their
implementation. These training algorithms were chosen for simplicity, rather than for
accuracy or effectiveness. The true difference in performance between the two models
is rather substantial. The root mean squared error of the linear model is around
$200, 000, versus $74,000 for the decision tree (the median house price ranges from
$30, 000 to $500, 000).

Next, we compute the rank reversal probability for the leave-one-out cross-
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Table 6.1: Summary of our cross-validation experiment. Decision trees are generally
better at predicting median house price than linear models as seen by their lower
average mean squared error (MSE). Furthermore, the average of the cross-validation
(CV) estimates are close to the average MSE, showing that that CV estimates are
nearly unbiased. However, in the majority of the replications (around 75% of them),
the worst-performing model is selected.

Linear Model Decision Tree

Avg. of generalization MSE () 4.02 0.553
Avg. of CV estimates 4.00 0.553
Probability of rank reversal 75.3%

validation estimator CVy,, with respect to models resulting from sampling a training

dataset D,, and the following target performance metric:

@: the expected generalization error Errg, defined in (6.2), computed over all

N = 20,640 California Census block groups.

We estimate the probability of rank reversal using 50, 000 replications of sampling a
training dataset of size n = 2,000, fitting each model, and comparing their leave-one-
out cross-validation performance estimate to their true generalization performance.
The results of the experiment are summarized in Table 6.1, showing that the
cross-validation estimator leads to a rank reversal with a probability of 75.3%.1 Given
this high probability of rank reversal, the cross-validation is not appropriate for

choosing between linear and decision tree models in this application.

6.3.3 Rank Reversals in Clustering Evaluation

6.3.3.1 Background on Clustering Evaluation

Consider a clustering problem, where each element r of a set R belongs to a cluster

c(r) € R, and where the resulting set of clusters C partitions R (each element r

! When choosing the unconditional generalization error E [Errgen( fDn)] as the target metric rather

than the conditional generalization error, the probability of rank reversal is slightly lower at 66%.
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belongs to a single cluster ¢(r) € C). The goal is to predict ¢(r) = R for the cluster
to which each element r belongs, under the same constraint that the resulting set of
predicted clusters ¢ partitions R.

This can be equivalently formulated as a classification problem, where the goal is to
predict whether two elements 7,7’ € R belong to the same cluster under a transitivity
constraint. Thus, classification evaluation metrics such as precision P, recall R, and
the F-score F' are commonly used to evaluate clustering models. Denoting by P the
set of pairs of elements predicted to belong to the same cluster and by 7 the set of

pairs that truly belong to the same cluster, these metrics are defined as

TP TP Pty RN\
P:’|7>| : R:’m |’ FZ( 2 ) | o

Since the true clustering is unknown, these metrics can only be computed for
labeled benchmark datasets or labeled subsets of the data. A common practice in
the literature is to compare clustering models based on the F-score computed on
a benchmark dataset (Xie et al., 2013; Yin et al., 2020; Wang et al., 2022). In the
context of our framework defined in Section 6.3.1, our target metric is ¢ = F', with
the estimator ¢ being F-score computed on a benchmark dataset or a labeled data

subset, and the clustering models considered to be pre-trained.
6.3.3.2 Example: Identity Clustering Based on Face Images

Unfortunately, the F-score tends to degrade with dataset size in a nonlinear manner,
depending on specific characteristics of the clustering models. Thus, a clustering
model A may outperform model B on small subsets of the data, but model B may
outperform model A on the full dataset because it is less affected by performance
degradation as dataset size increases (Binette et al., 2023). If performance on a

labeled data subset is used to select a model for clustering the full data, this causes a
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rank reversal: model A is chosen, even though model B performs better on the full
dataset.

To illustrate this problem, we consider an identity clustering task related to facial
recognition. Specifically, we use the Olivetti Faces dataset? which contains 400 face
pictures of 40 individuals, with 10 images per person. The goal is to cluster the images
by individual identity. To solve this task, we use k-means clustering on pre-trained
FaceNet embeddings (Schroff et al., 2015; Esler, 2023). Model A uses k = 30 clusters
and model B uses k = 60 clusters. The true F-score, which would be unknown in
practice, can only be computed using the cluster membership of all 400 face pictures.
It is estimated by computing the F-score on a benchmark dataset of 10 randomly
selected individuals for whom the true clusters have been resolved. Table 6.2 shows
the F-scores of the two models on the full dataset, the average F'-score estimates,
and the probability of rank reversal in 20, 000 simulations of sampling 10 individuals
to estimate the F-score. There is a 66% probability of rank reversal: the F-score
estimator selects model B 66% of the time, even though model A performs better on

the full dataset.

Table 6.2: Summary of the clustering evaluation experiment. Model A is better
than model B in terms of F-score computed on the entire dataset (0.87 versus 0.73).
However, the F-score estimator (computing the F-score on a random subset of 10
labeled clusters) is highly biased, leading to the worst model being selected around
66% of the time.

Model A Model B

True F-score 0.87 0.73
Avg. of F-score estimates 0.87 0.90
Probability of rank reversal 66%

2 The Olivetti Faces dataset was created at AT&T Lab Cambridge and obtained online from
scikit-learn 1.3.
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6.3.4 Rank Reversals in LLM Benchmarking

6.3.4.1 Background on Benchmarking Large Language Models

Methodological research on large language models (LLMs), like in other ML fields,
relies on common benchmark datasets to evaluate models and track progress (Liao
et al., 2021; Dehghani et al., 2021; Lin et al., 2021; Srivastava et al., 2022; Colombo
et al., 2022; Zhou et al., 2023; Chang et al., 2023; Guo et al., 2023). Benchmark
datasets are organized by task, topic, and other characteristics, with corresponding
evaluation items. For example, the Format-Following benchmark dataset (Xia et al.,
2024) tasks an LLM to follow formatting guidelines specified in a prompt. This
benchmark dataset contains 494 evaluation items across 10 application domains,
50 subdomains, and 248 format types. Each evaluation item instructs the LLM to
format data in a specified way. Success in format-following can be assessed by human
annotators and/or a judging model.

The objective is to determine how well a given LLM should perform on tasks
similar to the ones in the benchmark dataset. That is, the target metric ¢ is the
generalization performance for a given task description, and the estimator ¢ is
observed performance on the task’s benchmark.

There are two main challenges in evaluating LLMs. First, the open-endedness of
expected answers. There is not always a single correct answer to a given evaluation
item. In such cases, correctness is determined by a separate judge. Second, LLMs
are evaluated for broad humanlike capabilities rather than for precisely defined
quantitative objective.

In practice, these challenges are addressed by comparing LLMs to humans, ef-
fectively anthropomorphizing LLM capabilities (Chollet, 2019; Chang et al., 2023).
LLMs are evaluated similarly to humans and are compared to humans to contextu-

alize their performance (Srivastava et al., 2022; Chang et al., 2023). Consequently,
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many implicit assumptions related to educational and psychological measurement are
applied to LLMs to facilitate the interpretation of results. For example, statistical
models used to quantify human performance typically assume a latent trait, such as
'mathematical reasoning ability,” estimated based on item responses. The scale of
that latent variable may be ignored, as long as a well-defined population of reference
can be used for z-scores. Through these latent traits, we can generalize to expected
performance on similar tasks. For example, a human or LLM that performs better
than others on a mathematical exam might be expected to perform better than others
on similar mathematical tasks.

In this line of thinking, Hernandez-Orallo (2017); Chollet (2019); Martinez-Plumed
et al. (2019); Wang et al. (2023) proposed the use of psychometric methods for
evaluating ML systems. For instance, item response theory (Cai et al., 2016; Lalor
et al., 2024) is one way to formalize the estimation of latent traits from evaluation
items. Note that there are limitations to traditional psychometric-based approaches,
such as the reliance on a reference population, for which promising alternatives have
been proposed (Hernandez-Orallo et al., 2022; Burnell et al., 2022; Burden et al., 2023,
2024). In common practice, the use of LLM benchmarks is typically quite simple,
only measuring the average performance on evaluation items. These performance

averages are sometimes disaggregated by topic or by other characteristics.
6.3.4.2 Example: The Format-Following Benchmark Dataset

Unfortunately, current LLMs do not always behave like humans (see e.g., Efrat et al.
(2022); Wang et al. (2023)), leading to unexpected performance rank reversals in
some applications. LLM rankings for a given task’s benchmark dataset may not be
maintained when considering other similar tasks, due to unmeasured confounders
that would not be expected to impact human rankings to the same extent.

For instance, LLM rankings on the Format-Following benchmark are not always
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Table 6.3: Example of a rank reversal between two models on the Format-Following
benchmark dataset. We estimated question difficulty based on the average performance
of a class of LLMs, leading to the following equally sized categories of questions: easy,
hard, and expert. We ignore the expert category as the performance of open-source
models is very low for these questions.

Success Rate

Easy questions Hard questions

Llama 2 7b 88% 36%
Mistral 7b instruct v0.1 80% 45%

stable across different difficulty levels (see table 6.3). An LLM may outperform
another on difficult questions but perform worse on easy questions, or vice versa.
Similar rank reversals can be observed in Mehrbakhsh et al. (2023) in the context of
image recognition. As another example, Srivastava et al. (2022); Mizrahi et al. (2023)
observed a class of LLMs being given different relative rankings based on a choice
between semantically equivalent prompting templates. For a fluent English speaker,
the prompt templates appear to be roughly equally straightforward, providing no
reason to believe that performance ranks should differ based on template choice.
In short, unknown characteristics of LLMs or benchmark datasets can affect their
relative performance in unpredictable ways.

In our example, the scope of the “format-following” task is not well-defined. Even
if it were, the unexpected sensitivity of rankings to certain characteristics of the
benchmark dataset means that rank reversals are likely when these characteristics are
not accounted for. Ideally, we would have a clear scope for the task and account for
uncertainties associated with the selection of evaluation items, variability in evaluator

scores, variability in model responses, and so forth.
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6.4 Our Proposal: Better-Defined Targets of Estima-
tion Through the Estimands Framework

We now describe the estimands framework adapted from ICH (2019) to improve
the quality of inference and reporting in ML evaluations. The framework provides
a structure for ML evaluations that emphasizes and clearly defines the target of
estimation, i.e., the estimand. As we will see, precisely defining an estimand is a
multi-step process that is more subtle than might appear at first glance. For instance,
the counterfactual or potential outcome frameworks in causal inference are centered
around defining the causal estimand (Hofler, 2005). ICH (2019) discusses many
considerations that affect the treatment effect estimand in clinical trials, from the
definition of the target population, to the handling of intercurrent events®. We discuss

analogous issues in ML evaluation.

6.4.1 The Estimands Framework

We describe our proposed estimands framework as a series of steps to take in evalua-

tions. Example applications are given next in Section 6.4.2.
6.4.1.1 Define the Evaluation Objective and Subject

The first step is to identify an evaluation objective and the subject of evaluation. The
evaluation objective is the purpose of the evaluation, and the subject of evaluation

can be one or more training algorithms, trained models, or machine learning systems.
6.4.1.2 Define the Estimand

The second step is to translate the evaluation objective into a precisely defined

estimand. Defining an estimand requires a description of the following characteristics

3 Intercurrent events are “events during the study that may complicate the definition and estimation
of the treatment effect estimand, such as premature discontinuation of randomized treatment, taking
rescue medication, or death” (Darken et al., 2020)
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(see Figure 6.1):

(A)

The scope or population of interest that the evaluation aims to cover, i.e. the
context of application of an ML model. Clearly defining a scope or population
of interest can be challenging. We discuss this further in Section 6.4.2.3 in

application to LLM evaluation.

A data acquisition/handling strategy, describing how evaluation data is obtained
and how data issues are handled. For example, if data annotators are employed,
how are inconsistencies in labeling or missing labels handled? How reliable are
the labels and are labeling errors addressed? How are dependencies between
data points (e.g., temporal dependencies) accounted for? How representative
is the evaluation data for the give population? Choices in the acquisition or
handling of evaluation data impact what is being estimated and, consequently,
how evaluation results should be interpreted and applied for decision-making.
We discuss an example of the impact of these considerations in Section 6.4.2.2

in application to clustering evaluation.

A choice of metric (or metrics) to measure elements of the scope/population,

such as squared error for regression problems.

A choice of aggregation method to summarize the behavior of the metric (A)
over its scope (B), such as an arithmetic or geometric mean. When considering
multiple metrics or measurements, the choice of aggregation procedure also

concerns how they should be combined into an overall summary.

6.4.1.3 Choose Estimation Methodology

The third step is to choose an estimation methodology (in short, a main estimator)

for the task at hand. As we show next in Section 6.4.2, the appropriateness of a given
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estimation methodology depends on characteristics of the estimand and of evaluation
data. Given evaluation data, the main estimator produces a main estimate, e.g., a

numerical value that summarizes a model’s performance.
6.4.1.4 Choose Uncertainty Estimation Methodology

The fourth step is to choose a method to estimate uncertainty (in short, an uncertainty
estimator to provide a confidence interval) regarding the estimand. The goal is to
account for uncertainty in the numerical value of the estimate that can be due to small
sample sizes, variability in the evaluation data, labeling uncertainty, or uncertainty
regarding assumptions that underlie the choice of evaluation methodology. In some
cases, the main estimate and its uncertainty can be jointly estimated. In other cases,
uncertainty may need to be characterized based on sensitivity analyses or other
techniques. For example, one can account for sensitivity to estimation methods by

reporting the range of estimates from different methodologies.
6.4.1.5 Reporting Standard

Given an evaluation that follows these steps, an external observer should be able to
investigate whether or not the choice of estimand aligns with the evaluation objective,
and whether the estimation methodology is adequate. They should also understand
the scope of applicability of the evaluation’s results and the extent to which results can
transfer to other applications. For this, the components of the estimands framework

should be put forward rather than relegated to footnotes and caveats.

6.4.2 Application of the Estimands Framework to Rank Re-
versal Examples

In this section, we walk through each of our rank reversal examples and apply our
estimands framework from Section 6.4 to describe the target of estimation. Then,

we show how the estimands framework helps explain the cause of the observed
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rank reversals and suggest better or alternative evaluation approaches. We discuss
incorporating data acquisition and handling issues in the definition of an estimand in
Section 6.4.2.2.3. In Section 6.4.2.3.3, we discuss the use of multi-criteria decision-
making methods (MCDM) to aggregate multiple scores into one and to help report
on nuanced evaluation results.

Importantly, note that the contributions of this section are not the solutions and
best practices that we mention. Rather, our goal is to show how the estimands
framework can be used to systematically guide the practice and review of ML

evaluations.
6.4.2.1 California Housing Dataset

Here are the components of the estimands framework given in the California Housing
Dataset example of Section 6.3.2.2.

The evaluation objective is to estimate the expected generalization error of two
models, with the ultimate goal of selecting the better model. We consider as subjects
of evaluation a linear model and a decision tree model trained on a given dataset D,,,
n = 2,000.

The estimand is defined as follows. Our target population is all California
Census block groups. The evaluation data is the training dataset, and other data
acquisition /handling issues are ignored. The metric is the squared error, and we
aggregate over the population using the mean.

As an estimator, we consider a leave-one-out cross-validation with no uncertainty

quantification.

6.4.2.1.1 Cause of the Rank Reversals
We can identify the cause for the high probability of rank reversal by walking

through the characteristics of the estimand and the models.

179



Regarding the target population, we have access to features for all California
Census block groups. This can be used to verify that the evaluation data is repre-
sentative of all block groups, or assess problems that can arise in predictions related
to unrepresented subgroups. Figure 6.2 compares the distribution of features in an
evaluation dataset to the full California dataset. We can see that many features have
heavy-tailed distributions, and that block groups with outlying average occupation
are not represented in the evaluation data. This is a problem given that the squared

error metric and mean aggregation are both sensitive to extreme values.
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FIGURE 6.2: Comparing the distribution of features between the full California
Housing Dataset and a training dataset of 2,000 random examples. Notice the four
heavy-tailed features: the average number of rooms, the average number of bedrooms,
the block group population, and the average occupation. Census block groups with
outlying average occupation numbers are not represented in the training dataset.

Thinking about the models under consideration, we cannot expect a linear model to
generalize well to outlying out-of-sample block groups, unless the linearity assumption
was thoroughly justified and checked. In fact, in our example, we have median

house price predictions in the negative millions for some block groups that are not
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in the training data. These extremely inaccurate predictions are not reflected in
cross-validation estimates of the linear model, leading to a high probability of rank
reversal.

In short, we see that the cross-validation estimator is not suitable for the given
estimand, given unrepresented outlying districts from the target population, the

squared error metric, and the mean aggregation.

6.4.2.1.2 Potential Solutions to the Rank Reversals

There are multiple ways to address the rank reversal problem that we can identify
by walking through the steps of the estimands framework and making appropriate
changes.

First, we can question whether the choice of estimand is appropriate for the
evaluation objective. This is highly application-specific but, given the heavy-tailed
distribution of some block group features, we may prefer an estimand that provides
more detailed insight into the behavior of models. For instance, we could separate city
block groups from suburban and rural block groups, and aim to separately estimate
generalization performance for each of these subgroups. If appropriate for a given
application, alternative metrics and aggregations can be selected.

Second, assuming we keep our original estimand, we can question whether the
training dataset was suitably selected to represent our target population. Given the
existence of block groups with outlying features, a weighted sampling or stratified
sampling scheme may be preferable to random sampling.

Third, we can rethink our estimation methodology. Given our model selection goal,
we should complement any performance estimator with additional considerations that
help inform an appropriate model selection decision. We can question the validity of
assumptions that underlie our models, such as the linearity assumption. We can also

check the validity of predictions on outlying block groups that are not in the training
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data. Specifically, we know that median house prices are positive and we should be
able to provide a plausible upper-bound based on subject-matter expertise. This
can be used to check whether a model is generalizing properly to the full population
of Census block groups. Alternatives to the cross-validation estimator may also be
considered, such as confidence-based performance estimation (Bialek et al., 2024),
direct loss estimation (NannyML, 2024), or performance estimation through assessor
models (Hernandez-Orallo et al., 2022). These methods rely on features of the entire
population, not just on features of the training dataset.

Finally, we may want to quantify uncertainty regarding cross-validation estimates
in order to better understand the informativeness of these estimates for model
selection. Unfortunately, methods that only rely on a training dataset (such as the
cross-validation confidence interval method of Bates et al. (2023)) are not suitable
here. Information about block groups with outlying features needs to be accounted
for in order to detect the extrapolation problem associated with the linear regression
model. Sensitivity analyses and simulation studies would be useful to characterize

the accuracy of the cross-validation estimators in this example.
6.4.2.2 Clustering Evaluation

Here are the estimands framework components for the clustering evaluation example
of Section 6.3.3.

The evaluation objective is to determine which of two models performs better to
cluster a set of 400 face images that belong to 40 individuals. The metric is a binary
indicator of whether a pair of two images represent the same individual or not, i.e.,
whether they match or not. That is, for two images ¢ and j, we write ¢; ; = 1 when ¢
and j are a match and ¢; ; = 0 otherwise, and we write ¢; ; for the model prediction.

This is then aggregated into an F-score, the harmonic mean of precision and recall.

400

The scope or population of interest is the set of all ( 9

) image pairs (7, 7). Formally,
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the F-score that we want to estimate can be written as

255 CingCig

F = .
(Zz] Cij + Zzg ém) /2

(6.6)

The data acquisition strategy is to sample 10 clusters at random and to obtain the
matching status of all pairs among them. We discuss practical data acquisition issues

in more detail in a subsection below.

6.4.2.2.1 Cause for Rank Reversals
Going through the components of the estimands framework, the cause for rank
reversals quickly becomes apparent.

Considering the target population (the full dataset), when sampling 10 clusters at
random, the ratio of matching to non-matching pairs in the evaluation data is not
representative of the full dataset. Indeed, in the full dataset of 400 images, there are
(120) = 45 matching pairs for each of the 40 individuals, and 78,000 non-matching
pairs in total, resulting in a match to non-match ratio of 1,800/78,000 ~ 2.3%. In a
sample of 10 random clusters, there are 450 matching pairs, and 4500 non-matching
pairs, resulting in a matching ratio of 10%.

The difference in the distribution of classes creates a bias in precision estimates,
but not in recall estimates. As such, rank reversals in for the aggregate F-score can

occur when comparing models that do not have the same recall. The problem is

studied extensively in Foxcroft et al. (2024).

6.4.2.2.2 Solution to the Rank Reversals

A solution from Binette et al. (2023, 2024) is to change how the estimand is
described in order to facilitate its estimation from a cluster sample. To do so, the
F-score is expressed as a function of cluster metrics rather than pairwise errors, and
this representation is then used to derive an estimator that is unbiased for random
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cluster sampling. That is, we consider the population of clusters, rather than the
population of pairs of images, and we change the metric and aggregation to still obtain
the same F-score as a result. A random sample of clusters is then representative of
the population and accurate estimates can be obtained from the estimators described

in Binette et al. (2024).

6.4.2.2.3 Practical Data Acquisition and Handling Issues

In practice, we often need data annotators to label data, here to identify “ground
truth” clusters. This is a difficult task when true cluster membership cannot be
verified exactly. As such, biases, inaccuracies, and inconsistencies in the data labeling,
and how they are handled, affect what is being estimated.

For example, in Binette et al. (2023), we evaluated a large-scale identity clustering
system for patent inventors based on a probabilistic random sample of 400 ground
truth clusters identified by a team of data annotators. In order to facilitate the
process, data annotators could access the system’s current clustering predictions and
use them as a starting point of the labeling, obtaining true clusters by cleaning and
merging predicted clusters as needed. This approach created a bias towards current
predictions, since they were used as a default.

In other words, we were not estimating the “true” F-score of the system. We were
estimating the difference (summarized by a F-score) between current predictions and
a manually corrected version of these predictions, where only sufficiently obvious
errors were accounted for. This estimand that should have been directly stated,
instead of mentioning biases as a potential caveat of the estimation methodology.
This estimand that accounts for data acquisition issues is clear, unambiguous, and
still perfectly relevant to the objective of improving predictions.

In short, we believe that an estimand needs to account for data acquisition and

handling issues in order to be well-defined. Even though we would ideally want to
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estimate ¢, if data acquisition and handling issues cause us to estimate ¢’, then the
latter needs to be stated as the estimand. This way, the results of an evaluation can be
properly interpreted without having to analyze in detail the estimation methodology,

its assumptions, and its caveats.
6.4.2.3 LLM Evaluation

Here are the components of the estimands framework given in the example of Section
6.3.4. Our goal is to determine which of two LLMs is better at following a wide range
of formatting instructions. Our metric is a binary indicator of success on evaluation
items, and this is aggregated into an unweighted average success rate. The scope of
formatting instructions is implicitly defined through the Format-Following benchmark

dataset. Data acquisition and handling issues are ignored.

6.4.2.3.1 Cause of Rank Reversals

The estimand is too vaguely defined for the evaluation objective, since it depends
on important but unmeasured characteristics of the benchmark dataset. Relatively
small variations in the composition of the benchmark dataset can lead to unexpected
rank reversals, due to the fact that the mean aggregation does not account for
characteristics of the data. Without doing an in-depth analysis of the benchmark
dataset, we don’t know what the rankings represent, and we don’t know to what kind

of format-following tasks they would generalize.

6.4.2.3.2 What Is a Solution?

A solution is to better define the estimand through the specification of a clear
scope for the format-following task. For instance, a probability distribution of format-
following prompts can be specified through prompt templates or a generative prompt

model. This can clarify the composition of the benchmark dataset at a high level and
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help understand the applicability of evaluation results. This aligns with the following

recommendation from Davis (2023):

“Benchmark sets should be constructed using a well-defined and replicable
methodology. If one considers the process of running some Al system S on
benchmark B to be an experiment testing a hypothesis, then the hypothesis
‘System S achieves performance P over problems with characteristics X,
Y, Z is a considerably more meaningful and cogent statement than
‘System S achieves performance P on the specific benchmark B.” If B
can be claimed to be a representative or a random selection of problems
with characteristics S, Y, Z then there is some support for the stronger
statement. If there is only the benchmark set B constructed catch-as-
catch-can, then it is hard to know how these results will generalize. In
practice, this is rare, except for benchmarks created using automatic
synthesis."

Now, it could be difficult to define a single scope that is representative a broad
range of applications. Instead, we can evaluate on multiple narrow scopes, and then
aggregate the results through multi-criteria decision-making (MCDM) methods (see
next section). For example, we can separately evaluate performance for different
format types (e.g. JSON, markdown), for different prompting templates, at different
difficulty levels, and so forth. If a single model performs best across all tasks, it can be
declared best. Otherwise, we can use MCDM methods to help provide a single score
aggregate and detailed evaluation results that are useful for a variety of applications.

More refined approaches to the definition of an estimand might use pyschometric
methods. For instance, Burden et al. (2024) introduces “measurement layouts,” a
framework to characterize system performance through the relationship between
system capabilities and the characteristics of evaluation items (Burden et al., 2024).
Key in this framework is the estimation of clearly scoped capabilities through the
use of evaluation item characteristics. The estimated capability characteristics of a

system can then be used to predict performance on new items.
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6.4.2.3.3 Multi-Criteria Decision-Making and the Pareto Frontier

Multi-criteria decision-making (MCDM) (Triantaphyllou et al., 1998; Greco et al.,
2016) is the task of identifying an optimal solution to a problem given multiple criteria
that can conflict with one another. For example, we may want to choose an LLM
that balances performance across many different tasks. Often, no single solution is
better than alternatives for all criteria, resulting in a set of non-dominated solutions
called the Pareto frontier (see Martinez-Plumed et al. (2018); Raji and Buolamwini
(2024) for the use the Pareto Frontier in Al evaluation).

The Pareto frontier can be easily visualized when two or three criteria are con-
sidered. When more criteria are considered, dimensionality reduction and data
visualization techniques can be used to summarize the behavior of alternatives across
criteria (Ibrahim et al., 2016).

Another focus of MCDM is the translation of subjective preferences into an
acceptable decision. For instance, the Analytic Hierarchy Process (AHP) (Saaty,
2003) translates pairwise relative preferences between criteria into a weighting scheme
for computing a weighted average. There is never a single “true” or “best” solution to
a choice of score aggregation. This is always a subjective process. The key is for the

process to be transparent and for useful information to be provided.

6.5 Discussion

We highlighted current issues in the evaluation of ML models: (1) validity issues due
to a lack of consideration of inference and reporting as key components of evaluation,
beyond merely computing metrics, and (2) a high probability of rank reversals in
specific cross-validation, clustering evaluation, and LLM evaluation applications.
To address these problems, we proposed emphasizing the role of estimands (the

targets of estimation) in ML evaluation, applying the estimands framework from
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clinical trials biostatistics. We showcased how defining estimands through four key
components helps identify methodological problems, highlight appropriate estimation
methodologies, and properly interpret evaluation results.

Using an estimands framework to clearly define targets of estimation and to
structure evaluations unlocks a number of key benefits. First, estimands enable the
use of more sophisticated statistical methodologies to reduce the cost of evaluations.
For instance, scoring LLMs on a large set of questions can be expensive. Through
an estimand that specifies a clear population of questions, we can efficiently sample
a subset that provides a sufficiently accurate performance estimate at a lower cost.
Second, well-defined estimands enable uncertainty quantification. Without an esti-
mand, we are simply computing metrics for which there is no context for uncertainty.
An estimand provides a meaningful target of inference regarding which probability
statements can be made. Finally, requirements for the definition of an estimand and
for the structure of evaluations can be used in Al governance and Al auditing to help

verify the quality and relevance of evaluations.
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7. Conclusion

This dissertation considered statistical aspects of two important tasks: data linkage
and model (or machine learning system) evaluation. Addressing methodological
problems in these areas contributes to better data and better models for analytical

systems and decision-making.
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