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This dissertation argues that taking the relationship between conceptualization and measure-
ment seriously as both a theoretical and empirical problem generates contributions that are
methodological, substantive, and sociological. Across three empirical studies, I show that
the categories through which social scientists observe neighborhoods, bodies, and causes of
death are artifacts of measurement systems that carry their own histories and assumptions,
and that choosing more conceptually aligned measures can unsettle conclusions that may be
taken for granted. Using large language model annotation of Craigslist rental advertisements,
I show that administrative neighborhood boundaries overlook the process by which listing
agents claim and construct urban space, revealing patterns of spatial representation invisible
to coordinate-based approaches. Comparing BMI-, waist circumference-, and total body
fat-based obesity prevalence trends of the US adult population from 1999-2018, I find that
while BMI-defined obesity rose 13 percentage points, obesity derived from directly observed
body fat showed no statistically significant change — and that this aggregate estimate masks
a pronounced gendered divergence. Addressing cause-of-death estimation where 40 percent
of global deaths are not accompanied by a traditional death certificate, I use a validation
dataset to demonstrate that language models applied to verbal autopsy text narratives

can match or exceed structured-data classification performance, and introduce multiPPI++,



extending prediction-powered inference to multinomial outcomes for valid population-level
inference from predicted labels. Together, these studies advance an epistemology of empirical
measurement: one in which how we observe and categorize the social world is treated not
as simply preliminary to quantitative analysis, but as fundamentally constitutive of the

knowledge it produces.
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Chapter 1

Introduction

Quantitative social science is fundamentally an interplay between concepts, which may
be more or less abstract, and empirical artifacts, which may be more or less measurable.
Sometimes, concepts of interest are relatively straightforward and can be measured with
considerable precision in ways that align closely with how we understand them. An individual’s
height, for example, is both a comparatively simple concept — how tall a standing person
is at a particular moment — and one that can be measured consistently using instruments
and procedures that comport with ordinary understandings of height (e.g., standing barefoot
against a wall with a ruler or measuring tape). A person who is 165 centimeters tall is, within
a small margin of measurement error, 165 centimeters tall regardless of context.

Yet even seemingly simple concepts become more complicated once measurement gives
way to categorization. Translating a continuous quantity like height into categories such as
“tall" or “short" necessarily introduces social context into the process of interpretation. Tall
for an eight-year-old? Short for a professional basketball player? Tall relative to women in
the United States, or men in Northern Europe? The number of centimeters corresponding
to “tallness" cannot be determined independently of the social group against which the
comparison is made. In everyday life, these contextual assumptions are often implicit enough
that categorization feels natural and unproblematic. Individuals, institutions, and societies
alike have difficulty resisting the naturalization of socially constructed categories, in part

because the world is complex and many classifications appear self-evidently meaningful in



practice. Yet this process of naturalization has profound epistemological consequences. What
we “know" about the social world cannot be disentangled from how we choose to interrogate it,
and measurement decisions play a central role in shaping the realities that become empirically
visible, statistically legible, and institutionally actionable.

Concepts such as neighborhoods, obesity, and causes of death are not naturally given
categories waiting to be observed. They are socially constructed, institutionally stabilized,
and operationalized through measurement systems that shape the kinds of inferences re-
searchers can make and, ultimately, the forms of knowledge that become socially authoritative.
Neighborhoods are contained within rigid and discrete boundaries. Health status is deriva-
tive of BMI thresholds. Causes of death fit within a system of standardized international
classification of diseases. In each case, measurement is not merely a technical procedure for
observing an underlying reality; it is part of the process through which that reality is defined,
categorized, and made legible.

This dissertation examines how mismatches between conceptualization and measurement
produce divergent forms of social knowledge. Across three empirical domains — urban space,
population health, and mortality estimation — I show how, for each concept — neighborhood
boundaries, obesity status, and cause of death — our substantive conclusions vary depending
upon the measures and classificatory systems used to construct them. Where neighborhood
boundaries are understood to begin and end depends on which spatial imaginaries and
institutional definitions are privileged. Narratives about the rise of obesity in the United
States since 1999 differ substantially depending on whether obesity is operationalized through
BMI, waist circumference, or directly measured adiposity. And in regions where death
certificates and traditional autopsies are unavailable, understandings of population mortality
depend on inferential systems that translate narrative accounts into probabilistic causes of
death.

Across these three studies, I draw on a range of methods old and new. Large language

model annotation and validation, topic modeling, and spatial regression to recover socially con-



structed spatial claims from unstructured text; non-parametric imputation, survey-weighted
estimation with multiple imputation via Rubin’s rules, and direct demographic standard-
ization in the tradition of Kitagawa—Oaxaca—Blinder decomposition to compare population
health trends across measurement systems; and bag-of-words and large language model
classification, ML-based cause-of-death prediction, and statistical calibration via prediction-
powered inference to enable valid population inference from narrative data. What unifies these
approaches is not a commitment to any single methodological tradition but rather a shared
orientation: using the best available tools to quantify the gap between the concepts social
scientists care about and the measures through which those concepts are made empirically
tractable.

Chapter 2 examines the social construction of urban space by studying the gaps be-
tween various “official" neighborhood boundaries and how those boundaries are referenced,
understood and contested in practice. Drawing on rental advertisements in Chicago listed
on Craigstlist from 2018-2024, I use large language model annotation methods to classify
neighborhood identity from the unstructured text in the listing titles and descriptions. This
is approach seeks to approximate a more nuanced task than conventional string-matching
or entity recognition because it requires distinguishing genuine location claims from mere
mentions. This LLM pipeline, validated against manual annotation and compared to string-
matching entity recognition reveals three systematic patterns of spatial representation that
would otherwise be overlooked by matching latitude/longitude coordinates to established
boundary shapefiles. While I am not the first to conceptualize neighborhoods as social
constructs, these findings demonstrate a novel way for social scientists to identify this process
of construction at scale using unstructured text.

Chapter 3 asks “How has US adult obesity prevalence changed since 19997". At first
consideration, one might ask themselves, don’t we know this already? I take a critical
measurement perspective to exploring this question, drawing a distinction that is rarely

made explicit in public health surveillance: rising BMI, rising adiposity, and rising obesity



may be related, but are fundamentally different in important ways. This orientation to the
question brings an important tension to the fore: the WHO defines obesity as excessive fat
tissue accumulation that poses an increased risk for adverse health outcomes, but BMI, the
predominant screening tool for obesity, measures neither fat nor health outcomes directly.
What’s more, it is not the case that we do not have measures of fat or adverse health outcomes.
This chapter uses data collected in 1999-2018 from the National Health and Nutrition
Examination Survey to compare obesity prevalence derived from total body fat percentage
measured using dual-energy X-ray absorptiometry (DXA) scans, waist circumference, and
BMI. The central finding is stark: while adult obesity prevalence according to BMI rose by
13% since 1999, DX A-based obesity showed no statistically significant change. Decompositions
of these aggregate trends by race/ethnicity, age and sex reveal an even more complicated
story. Most striking among them that DXA-based obesity actually fell for adult women
over this time period while it increased at the same rate as BMI-based obesity for men. By
focusing on the differences between measures used to construct our understanding of the
“obesity epidemic," this chapter presents empirical evidence that unearths and complicates a
“settled" narrative about how the US has been getting fatter for decades.

Finally, Chapter 4 contributes to cause-of-death estimation in low-resource settings
where most deaths occur outside the formal healthcare system and death certificates are
unavailable. Such conditions characterize 40% of deaths worldwide, and having robust and
reliable understandings of the various causes are essential to effective policy making. In these
settings, verbal autopsies (VA) — structured interviews with the surviving family or caregivers
about the circumstances of a death — are the primary tool used to monitor mortality trends.
Prior algorithmic approaches to cause-of-death classification have relied predominantly on
structured questionnaire data. This chapter adds to this literature by testing the extent
to which language models can enable us to make mortality classifications relying only on
unstructured text narratives. Then, given these cause of death labels, how can we perform valid

statistical inference to understand how population dynamics like aging of policy interventions



affect the cause of death distribution? This chapter introduces multiPPI++, an extension
of prediction-powered inference (PPI++) to the multinomial classification setting, which
gives us leverage on answering this question. Empirical analysis of VA data demonstrates
that naive use of predicted causes — without this correction — produces misleading estimates
of cause-specific mortality fractions, while multiPPI++ recovers valid confidence intervals
even when the prediction model is imperfect or when the relationship between symptoms
and causes differs across sites. The chapter illustrates how the categories through which
death is made statistically legible are not merely observed but constructed through inferential
systems whose assumptions shape what patterns of mortality become visible to researchers

and policymakers.



Chapter 2

Social Construction of Urban Space: Using LLMs to Identify

Neighborhood Boundaries From Craigslist Ads

Adam Visokay, Ruth Bagley, Tan Kennedy, Chris Hess, Kyle Crowder, Rob Voigt, Denis
Peskoff. 2026. In Proceedings of the Seventh Workshop on NLP+CSS. Association for
Computational Linguistics. San Diego, California.

Abstract. Rental listings offer a window into how urban space is socially constructed through
language. We analyze Chicago Craigslist rental advertisements from 2018 to 2024 to examine
how listing agents characterize neighborhoods, identifying mismatches between institutional
boundaries and neighborhood claims. Through manual and large language model annotation,
we classify unstructured listings from Craigslist according to their neighborhood. Further
geospatial analysis reveals three distinct patterns: properties with conflicting neighborhood
designations due to competing spatial definitions, border properties with valid claims to
adjacent neighborhoods, and "reputation laundering" where listings claim association with
distant, desirable neighborhoods. Through topic modeling, we identify patterns that correlate
with spatial positioning: listings further from neighborhood centers emphasize different
amenities than centrally-located units. Natural language processing techniques reveal how

definitions of urban spaces are contested in ways that traditional methods overlook.



2.1 Contested Neighborhood Boundaries

Neighborhood location matters for a wide range of individual and collective outcomes
(Sampson et al., 2002; Sharkey and Faber, 2014; Minh et al., 2017; Chyn and Katz, 2021).
Beyond objective demographic characteristics, the subjective features of a neighborhood—its
reputation, status, or stigma—shape resident satisfaction, place attachment, and overall
well-being (Tran et al., 2020; Kullberg et al., 2010; Permentier et al., 2011; Otero et al.,
2024). Neighborhood reputation also structures the economic value of property, patterns of
investment, and the residential mobility that drives neighborhood stratification (Krysan and
Crowder, 2017; Evans and Lee, 2020; Kirk, 2024; Korver-Glenn and Mayorga, 2024).

We define neighborhood identity not just as a boundary in space, but as the spatial
area that corresponds with the patterns of social activity and perceptions of people living
in the area. This conceptualization builds on a lineage of research utilizing user-generated
content (UGC) to define urban space (Plangprasopchok and Lerman, 2009; Hollenstein and
Purves, 2010; Hiippala et al., 2019; Brunila et al., 2023). Because this identity is socially
constructed through interaction and language, it is inherently fluid and contested. Identifying
a singular “true” neighborhood boundary is not our aim, but rather, mapping the contours
of contestation: the systematic slippage between institutional maps and the spatial claims
made by social actors.

Neighborhoods are socially constructed through interaction and language (Zelner, 2015;
Hohle, 2023; Stuart et al., 2024), yet traditional urban research often relies on rigid adminis-
trative boundaries as a proxy for neighborhood identity. In practice, listing agents frequently
navigate a tradeoff between geographic fidelity and reputational leverage, substituting sym-

bolic identity for physical proximity when properties sit at the periphery of desirable areas.

LConflicting conceptions of the Humboldt Park neighborhood according to the official City of Chicago
limits (blue), Zillow’s boundary (red) and rental advertisements (points). Orange points depict unit listings
claiming to be Humboldt Park while purple points claim elsewhere. The green star denotes the LLM-defined
social center of Humboldt park.

2 Across Chicago, the share of place-based language decreases and generic “boilerplate” language increases
in listings for units further from the social center of the neighborhood.
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Figure 2.1: Extracting neighborhoods from unstructured rental listings with LLMs (RQ1,
Section 2.3) provides insight into the social construction of space (RQ2, top) and allows us to
study how language changes relative to distance from neighborhood centers (R(3, bottom).

We characterize this behavior not as random noise, but as a systematic distortion of urban

space. Still, an important question remains: do spatial claims that depart from institutional
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maps always represent strategic “reputation laundering” (Stuart et al., 2024), or might they
reflect legitimate disagreements arising from the inherent ambiguity of socially constructed
boundaries?

A related challenge for urban sociology has been the difficulty of observing and classifying
such distortions at scale. Conventional data is blind to the strategic manipulation of spatial
labels, and traditional NLP methods like string-matching struggle to distinguish between
casual mentions and strong locational claims. Large Language Models (LLMs) provide a
transformative opportunity to recover this latent social variable: claimed neighborhood
identity. By evaluating LLMs on Chicago Craigslist rental advertisements (2018-2024), this

work provides answers to the following Research Questions:

e (RQ1) Measurement Viability: Can zero-shot LLMs accurately identify specific
neighborhood claims (vs. mere mentions) in unstructured rental listings compared to
more traditional string-matching?

¢ (RQ2) Social Location: Where are neighborhoods actually located according to
listing claims, and can we define a meaningful “social center” for each neighborhood?

¢ (RQ3) Linguistic Substitution: How does marketing language vary with spatial
location? Specifically, does place-based language change as listings move farther from

their claimed neighborhood center?

Section 4.2 describes our spatially-anchored corpus of Chicago listings. Section 2.3
evaluates LLM performance against string-matching baselines (RQ1). Section 2.4 develops a
framework for identifying neighborhood “social centers” (RQ2). Section 2.5 and Section 2.5.2
analyze the semantic structure and statistical associations between unit language and spatial
positioning (RQ3). Finally, Section 3.4 contextualizes these findings within the broader field

of computational social science.
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2.2 Craigslist Housing Advertisements

We use data collected from Chicago Craigslist rental advertisements from 2018 to 2024
to identify listings with mismatches between the neighborhood containing the unit and the

neighborhood claimed by the listing agent.!

2.2.1 Why Craigslist?

These rental listings offer a particularly valuable lens for examining how neighborhoods
are socially constructed and contested because Craigslist’s platform design creates an un-
usually unconstrained environment for spatial classification. Unlike many digital platforms
that restrict users to predetermined administrative or commonly recognized neighborhood
boundaries, Craigslist allows advertisers to freely designate any neighborhood label in their
listings with unstructured text. This feature transforms rental advertisements into sites of
boundary-making where the socio-spatial imaginary of the city becomes visible.

The neighborhood fields in these listings represent more than mere locational informa-
tion—they reveal how real estate actors actively participate in constructing, reinforcing, or
challenging existing spatial hierarchies. When landlords and property managers assign neigh-
borhood labels to their listings, they engage in acts of spatial categorization that reflect both
market strategies and internalized cognitive maps of urban space. These choices may align
with officially recognized boundaries, reproducing understandings of place, or deliberately
transgress established spatial categories to claim association with perceived higher-status
areas.

Preceding computational analysis of Craigslist rental listings explores price distributions
(Boeing and Waddell, 2017), neighborhood descriptions (Kennedy et al., 2020; Besbris et al.,

2021), housing policy interventions (Boeing et al., 2021), exclusionary language (Stewart

We have been actively collecting data in Chicago since 2018, providing a rich window into the discursive
construction of urban space. It includes all available advertisements each day from December 2018 until June
2024 using the webscraper Helena (Chasins et al., 2018; Hess and Chasins, 2022). Occasional changes to
the architecture of the Craiglist website result in limited periods of data loss, the longest of which was from
August 2019 to early October 2019.
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et al., 2023), affordability (Hess et al., 2023), and home security (Somashekhar et al., 2024).
Holistically, research shows that rental listings on Craigslist align with and appear to reproduce
social inequality. Recent work has begun to focus on the importance of neighborhood names
and the places those names describe (Schachter et al., 2024), with specific focus on contested
naming: when advertisements use neighborhood names that seem to diverge from the name

most local residents would use for that space.

2.2.2 Why Chicago?

We focus on Chicago because it stands as a quintessential “city of neighborhoods,” where
locally recognized community areas hold exceptional cultural, economic, and social significance
(Hwang and Sampson, 2014). Chicago is an ideal site for examining the social construction
of urban space due to the high salience of its neighborhood boundaries. While the city
maintains 77 officially recognized community areas, these rigid, non-overlapping boundaries
often fail to represent the fluidity of neighborhood identity in reality. By using Chicago’s
stable institutional definitions as a point of comparison, we can more effectively identify
and quantify how real estate actors use language to challenge or reinforce existing spatial
hierarchies. This neighborhood orientation is so deeply embedded in Chicago’s social fabric
that it shapes how residents understand their place in the city, influences social networks,
and structures daily mobility patterns (Kaysen, 2024).

By analyzing patterns in how these spatial designations align with or diverge from official
boundaries, we can observe in real time the processes through which neighborhood reputations
are reinforced or contested. The negotiated quality of these spatial boundaries becomes par-
ticularly visible when examining cases where advertisers claim association with neighborhoods
other than those in which units are formally located, according to administrative boundaries.
Such instances of spatial repositioning offer a window into the dynamics that shape how
urban space is valued, categorized, and ultimately experienced by various stakeholders from

listing agents to residents or potential tenants to municipal administrators.



13

2.3 Detecting Neighborhoods with LLMs

Online rental advertisements are generally unstructured and vary widely between listings.
Distinguishing between which neighborhoods are mentioned in a listing from which neighbor-
hood(s) the listing claims to be in is a nuanced task of great importance to social scientists
interested in the social construction of urban space. This answer to “which neighborhood
does this advertisement claim the unit to be in?” is not always obvious, even to a human

annotator. For example,

... this fully restored East Lakeview property sits on a beautiful tree-lined street

located in the heart of the popular Wrigleyville neighborhood ...

It is clear based on the language that this advertisement is not merely mentioning these
neighborhoods, but staking a strong claim to being located in both. Wrigleyville is a Chicago
neighborhood within the larger neighborhood of East Lakeview, so this claim is entirely
coherent. However, reconciling such competing claims at scale is a principal challenge inherent
to this particular task.

Furthermore, some listings contain mentions of several irrelevant neighborhoods, even

dozens like this example:

... Disclaimer: Pricing, availability, and specials are subject to change at any time
and without notice. HotSpot Rentals services the following neighborhoods: South
Loop, Printers Row, Near North, River North, Gold Coast, West Loop, Fulton
River District, West Loop Gate, The Loop, Streeterville, Lakeshore East, New
East Side, Old Town, Medical District, University Village, Near North, River
West, Lincoln Park South, Lakeview, Uptown, Ukrainian Village, Wicker Park,

Edgewater, Ravenswood, Bronzeville, Logan Square.

Making the distinction between neighborhood mentions and strong claims that a unit is in

a particular neighborhood is a nuance that large language models are particularly well-suited
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for compared to existing methods. To make this comparison, first we label the full corpus
using a bespoke string-matching approach which serves as the baseline “best practice” which
we compare to the Language Model-based labeling. Both sets of labels are evaluated against
a subset of 200 manually labeled neighborhood listings. These manual labels were produced

by authors of this article.

2.3.1 Manual Labeling

The process for creating our validation set of “gold standard” labels considers three sources
of information for each advertisement in the following order. First, if the title field includes
a neighborhood name, that becomes the manual label for the neighborhood claim. Then if
there is no claim in the title, we consider the body of the listing. This is the largest source of
text in each advertisement, and also the most ambiguous with respect to identifying strong
claims. When faced with multiple claims — as in the quote above — we take the first claim as
the manual label. Finally, if neither the title nor body fields contain a neighborhood claim,
we extract a neighborhood claim from the neighborhood field, if it exists. An advertisement
only receives the ‘unknown’ label if there is not a strong claim in any of the three fields. We

follow the same prioritization scheme in the string-matching and LM labeling procedures.

2.3.2 Data Pre-Processing

Before labeling we performed standard data pre-processing and de-duplication on the
raw text. We removed common boilerplate text that appeared in virtually all Craigslist
listings (such as “QR Code Link to This Post”), corrected Unicode translation errors to
ensure consistent character rendering, and precisely mapped listings onto Zillow and City
of Chicago neighborhood boundaries to confirm geographical validity. We also performed
thorough de-duplication of listing entries by title and body text, retaining only the most
recent version when multiple entries existed, as Craigslist saves edited listings as separate

posts. This preparation distilled a clean dataset of 30,531 unique listings from an initial
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corpus of n=128,764 initial observations.

2.3.3 String-Match Labeling Neighborhoods

To determine which Chicago neighborhood a rental advertisement belongs to based on the
text in the post we begin with a list of 192 distinct neighborhoods from Zillow, a real-estate
marketplace company which provides commercial neighborhood lists for major US cities.
Then, we manually construct a comprehensive list of regular expressions that can match the
official name and its alternatives (e.g. wriggleyville, wriglyville, wrigglyville, wrigley ville for
wrigleyville). These regex patterns are designed to be flexible with spaces and case-insensitive.
Following the same protocol as the manual annotations, we use a function which tries to
match neighborhoods in the listing title, body and dedicated neighborhood field. When

multiple neighborhoods match, we select the label which appears earliest in the text.

2.3.4 Language Model Labeling Neighborhoods

We prompt GPT-4.1 mini as a high quality relative to cost option.? Table 2.1 contains

our prompt.

BASE_PROMPT
Extract the Chicago neighborhood from the rental text.
Rules:

- NEVER use the address or zip code to determine the neighborhood

- Choose only explicitly stated neighborhood from possible responses
- If neighborhood is unclear mark it as [unknown]

- Format precision: ‘lakeview’’ but not

tR]

€<

X, y, 2z’ for ‘““lakeview residence
near x, y, z
text: {body}

Possible responses: {zillow_list}
Return only:

label: [neighborhood]

Table 2.1: Prompt format for extracting Chicago neighborhood claims from rental listings.

2We compare a sample of regular vs mini vs nano, and other non-OpenAl options. Reasoning models are
unnecessary for this extraction task.
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We create three separate labeling workflows, one for each title, body and neighborhood
field. We input the data independently to avoid leakage. A Zillow neighborhood list is
provided to constrain possible responses to items in the list. In the case of unknowns, we
prioritize the label from the title, then the body, then the neighborhood field. Only if all

three are unknown is the final neighborhood claim labeled ‘unknown’.

2.3.5 Label Post-Processing

While we engineer the prompt to provide structured output in the form label:response,
the outputs still require post-processing. We implement a multi-stage post-processing pipeline
to standardize the three LLM labels for each advertisement and assess model performance
against manual validation. Through manual review we flag instances of minor spelling
discrepancies (e.g. ‘lakeview’ instead of ‘lake view’, ‘wrigglyville’ instead of ‘wrigleyville’).
For text normalization, we construct a replacement dictionary to correct such instances. We
implement the same priority-based claim-selection algorithm as is used for manual annotation
and string matching. The post-processing system first examines the listing title label; if
no neighborhood is identified, it analyzes the listing body label, and if still unsuccessful, it
checks the neighborhood field label; and only then returns 'unknown’ classification. This
aligns with how potential renters process listing information, prioritizing the most prominent
textual elements. When faced with compound neighborhood designations, we prioritize the
first neighborhood when multiple were present, just as we do for manual labeling and string-
matching. For outputs that contain separators (e.g. ‘uptown, ravenswood’ or ‘avondale/logan

square’), we extract the first neighborhood claim before a separator.

2.3.6 Evaluation of Labeling Task

We compare the string-match and LLM labels to the manual labels in the 200-item
validation set. Performance metrics are shown in Table 2.2. While accuracy scores are

comparable (GPT-4 mini’s 85% is marginally better than the string matching’s 79%), the
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Metric String Match GPT-4.1
Accuracy 0.79 0.85
Macro Average F1 0.62 0.70
Weighted Average F1 0.77 0.85

Table 2.2: GPT-4.1 outperforms the string match-based keyword search on the neighborhood
claim labeling task. While the performance gain is marginal, the LLM labeling process was
cheap, fast and can be scaled up.

disagreements largely reflect the inherent ambiguity of neighborhood classification — a challenge
even human annotators face when listings claim multiple neighborhoods. A notable advantage
of the LLM approach is its efficiency and scalability. Unlike string matching on keywords,
which requires extensive manual configuration of locale specific patterns, the pre-trained

LLM can work with a zero-shot prompt, making it adaptable.

2.4 Geospatial Analysis of Neighborhoods

Although Craiglists rental listings do not comprehensively show every available property
in the Chicago area, there is still substantial coverage across the city, as seen in Figure 2.2.
As a result, we take these rental listings to be a reasonably representative sampling, which
we use to identify neighborhoods as they might be conceived of by the people, or at least the
realtors, of Chicago.

Neighborhood boundaries are nebulous and hard to define; even the City of Chicago and
Zillow, both with access to a great deal of data/information, have developed quite different
maps of neighborhood boundaries. Figure 2.1 shows that while the official Zillow and city
boundaries of Humboldt Park include most of the posts claiming to be in that neighborhood,
none of the borders are the same. In addition, borders between neighborhoods are likely
less rigid than an official boundary might suggest; despite being located within the formal
boundaries of Humboldt Park, there are a number of listings, mainly around the edges,

claiming to be part of other nearby neighborhoods, primarily Ukrainian Village, Wicker Park,
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Figure 2.2: The city of Chicago and its constituent neighborhoods, as defined by Zillow,
colored to represent the number of posts for properties located in each area

or West Town.

Using the rental listings, we conceptualize the “social center” of the neighborhood as the
centroid of all listings that claim to be located within that neighborhood. We use geopandas
to identify the centroid of all posts claiming to be in the same neighborhood using the latitude
and longitude coordinates of all property locations. The map of Humboldt Park suggests this
is an effective method, because the social center (represented by the green star) is in fact
located in the eponymous park which is considered to be the heart of the neighborhood.

However, not all posts claiming to be in a given neighborhood may have the same strength
to their claim; advertisements for apartments at the center of a popular neighborhood like

Logan Square likely have different characteristics than posts for units on the fringes of the
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neighborhood. The posts on the fringes might even be trying to seem more desirable by
claiming to be in a more popular neighborhood, whereas it might be more of an objective
description of location for a property actually located on Logan Square. We conceptualize
this by identifying how far from the social center a post is, using three metrics for distance: 1)
Raw Distance: Euclidean distance between the latitude and longitude coordinates of the post
and that of the neighborhood centroid; 2) Relative Distance: raw distance for all posts in the
neighborhood projected onto a [0,1] interval using min-max scaling; 3) Z-scored Distance:
z-scored distance for posts claiming to be in the same neighborhood.

We use these measures to distinguish a specific subset of the posts: those on the periphery
of a neighborhood. We define peripheral posts as those that are in the furthest 20% of posts
from the centroid for a given neighborhood (for any neighborhood labels with at least 5

posts).

2.4.1 Comparison of Neighborhood Boundaries

In order to get a more concrete understanding of different conceptions of neighborhoods,
we identify two more neighborhoods to explore more in depth: Logan Square and Pilsen.

Logan Square is a well-known neighborhood in Chicago, and also a neighborhood label
where a large number (n=2495) of listings claim to be. We can see in Figure 2.4 that the
City of Chicago boundaries for Logan Square contain primarily postings claiming to be in the
neighborhood (orange points) without many posts claiming to be elsewhere (purple). The
Zillow boundaries do encompass Logan Square claims that the Chicago boundaries do not,
but the areas excluded by Chicago also have a higher concentration of claims of being in
other neighborhoods. In addition, there are a number of listings claiming to be in Logan
Square that are outside both formal boundaries—these posts would certainly be part of the
‘peripheral’ posts we defined earlier. This kind of posting merits further exploration to better
understand what is happening in listings that claim to be part of a neighborhood when that

might be more likely to be contested.
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Figure 2.3: Contested boundaries for Pilsen neighborhood according to Zillow’s definition
(red). Orange points depict listings claiming to be in Pilsen, purple points are listings
claiming to be elsewhere). The green star depicts the Pilsen neighborhood centroid. This is
an example of what we call border stretching, demonstrating how static boundary systems
may not capture the neighborhood identities as experienced by the people living in them.

Although the blue City of Chicago boundaries appear to be a better approximation for
Logan Square in Figure 2.4, this is not the case for every neighborhood. Pilsen, shown
in Figure 2.3, is another well-known neighborhood within Chicago, but it is not included
as a distinct neighborhood by the City of Chicago. However, even though Zillow does
include Pilsen as an area, it also does not seem to define it in the same way as Craigslist
advertisements. Many of the posts claiming to be in Pilsen appear in a clustered way outside
of the Zillow boundaries, and even the centroid of the Craigslist-defined neighborhood is
outside the Zillow bounds. This could represent a developing neighborhood identity, which

may not have been as strong at the time of the map creation, and supports the need for a

more dynamic model of neighborhoods.

2.5 Content Analysis of Rental Listing Text

We use the tomotopy Python package to identify latent topics in the content posted in

Craigslist rental advertisements. tomotopy uses Gibbs-sampling and is based on the LDA
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approach described in Blei et al. (2003) and Newman et al. (2009). We prepared the text
corpus by combining listing titles and body text from the Craigslist dataset. Standard
preprocessing was applied using NLTK — lowercasing, removing alphanumeric characters,
tokenization, custom stopword filtering, and lemmatization. We remove common real estate
jargon that would otherwise dominate the topic distributions without providing meaningful
differentiation between the content in different listing types. For the LDA implementation we
selected hyperparameters that allow for moderate document sparsity (o« = 0.1) and greater
topic-word concentration (7 = 0.01). We trained for 100 iterations and tried k£ = 5,7 and 10
topics which returned coherence scores of 0.7344, 0.7425 and 0.7509, respectively. After
manual review we decided to focus on the k = 7 results for our remaining analysis as these
had clearer separation than the k£ = 5 topics and are more interpretable than the £ = 10

results.

2.5.1 Topic Interpretations

We identify seven distinct topics in the Craigslist advertisements, shown in Table 2.3.
These topics reveal distinct patterns in how rental listings are framed, which have important
implications for understanding the conception of neighborhood reputation and representation
in the online rental market.

Topic 1 focuses on furnished short-term rentals, highlighting amenities and comfort with
words like “furnished,” “month,” and “stay,” suggesting a market segment catering to temporary

residents seeking turnkey living situations. Topic 2 centers on rental requirements and financial

PR3 Y

considerations, with terms like “fee,” “credit,” “deposit,” and “application,” reflecting the

administrative and financial aspects of renting. Topics 3 and 4 both relate to property search,
with Topic 4 specifically including Spanish-language terms like “alquilar” and “propiedades,”
indicating efforts to reach Spanish-speaking audiences in Chicago’s rental market. Topic 5,

the most prevalent across the corpus at approximately 35% of document content, focuses on

26 bAANA4

apartment features and amenities such as “appliance,” “stainless,” “modern,” and “dishwasher,”
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Topics

Common Words

1. Furnished Short-Term
3.6% of corpus

2. Rental Terms
25.9% of corpus

3. Property Search
1.1% of corpus

4. Spanish Language
2.1% of corpus

5. Amenities
35.0% of corpus

6. Listing Conditions
13.8% of corpus

7. Contact Information
18.9% of corpus

lease, home, month, furnished, mo, amenity, community, view, apartment,
offer, blueground, access, neighborhood, enjoy, stay, loop

fee, lease, included, tenant, credit, street, pay, deposit, application, large,
move, heat, per, gas, security, pet, utility

apartment, rental, property, place, hill, cheap, grove, find, apt, height,
center, agency, search, local, credit

apartment, rental, property, place, hill, cheap, alquilar, propiedades,
buscar, alquileres, height, search, agency, google

floor, central, new, appliance, dishwasher, heat, large, space, air, stainless,
feature, modern, steel, living, cat, closet

subject, unit, change, price, center, property, onsite, hour, availability,
special, dog, pricing, studio, fitness, housing, amenity

contact, info, show, click, feature, view, call, id, renovated, included,
closet

Table 2.3: Topic interpretations based LDA topic modeling on Chicago Craigslist rental
listings.

underscoring the prevalence of interior quality in marketing rental properties. Topic 6
addresses listing conditions and availability, featuring terms related to pricing, special offers,
and property policies. Finally, Topic 7 concentrates on contact information and viewing
arrangements, with words like “contact,” “show,” “click,” and “schedule,” facilitating the
connection between potential renters and property managers. The distribution of these topics

across advertisements reveals how Chicago’s rental market is presented online, with physical

features and financial terms dominating the discourse.

2.5.2 Regression Analysis

We estimate the relationship between listing characteristics and proximity to the social
center of an associated neighborhood using OLS regression with relative distance to neigh-
borhood center as our primary dependent variable. Our model includes unit characteristics
(bedrooms, bathrooms, rent, and square footage) and the topic proportions identified in our
LDA analysis. For a full table of regression outputs see Table 2.5 in the Appendix.

This analysis reveals several patterns in spatial representations. Advertisements with more
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bedrooms/bathrooms are associated with being further from neighborhood centers, while
higher-priced listings are closer to their respective social centers. Most notably, listings with
higher proportions of Topic 3 (Property Search) content exhibit increased relative distance
from the center of the neighborhood (+0.20, p<0.001). Conversely, listings emphasizing
apartment amenities (Topic 5) are associated with being closer to the centroid (-0.03, p<0.01).
These findings indicate that misrepresentation is not random but correlates with specific

marketing approaches in rental listings.

2.6 Results

Our analysis of over 30,000 unique Chicago rental listings reveals that neighborhood
boundaries are actively renegotiated through strategic linguistic claims. By establishing a
“social center” for neighborhoods based on the density of textual claims rather than rigid
municipal boundaries, we demonstrate how agents navigate the tradeoff between geographic
reality and reputational leverage. The following sections detail our findings in relation to our

primary research questions.

2.6.1 Labeling Viability (RQ1)

We find that Large Language Models are highly effective for identifying neighborhood
claims within unstructured text, outperforming traditional string-matching techniques. While
the accuracy gain is incremental (85% for GPT-4.1 mini vs. 79% for string-matching), the LLM
approach can scale beyond Chicago to other urban contexts without requiring reconfiguration
or the same level of local real estate knowledge. Our labeling system prioritizes precision by
selecting the single strongest neighborhood claim, addressing the inherent ambiguity found

in listings that mention multiple areas.
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2.6.2 Defining Social Centers (RQ2)

Our geospatial analysis reveals that the “social center” of a neighborhood—defined as the
centroid of all property listings claiming that identity—often aligns with local landmarks,
such as the eponymous park in Humboldt Park. However, these Craigslist-defined centers
frequently diverge from institutional boundaries. We identify significant variation in rep-
resentation: neighborhoods like Lake View are heavily overrepresented in claims relative
to their Zillow-defined footprints, while areas such as Englewood and North Austin are
significantly underrepresented, suggesting a lack of strong neighborhood identity or the

presence of territorial stigma in the rental market.

2.6.3 Linguistic Substitution (RQ3)

Our analysis characterizes spatial misrepresentation not as random market noise, but as a
predictable distortion of urban space. We identify three distinct patterns of spatial claim
discrepancies: (1) Conflicting Conceptions, where stakeholders disagree on boundaries (e.g.
Humboldt Park in Figure 2.1); (2) Border Stretching, where listings claim adjacent, plausible
neighborhoods (e.g. Pilsen in Figure 2.3); and (3) Reputation Laundering, where properties
or peripheral areas claim association with distant, desirable neighborhoods.

To identify these patterns systematically, we operationalize “peripheral claims” as those
located in the furthest 20% from a neighborhood’s social centroid. By comparing these LLM-
labeled claims against institutional Zillow boundaries, we find evidence of systematic over
and under-representation. Specifically, Lake View is significantly overrepresented—claimed
more frequently than geographic distributions would predict—while neighborhoods such as
Englewood, North Austin, and Hanson Park are significantly underrepresented. This pattern
is consistent with reputation laundering: agents appear to distance properties from stigmatized
neighborhood names while strategically claiming higher-status alternatives.

This substitution is statistically observable through a compensatory language pattern.

Regression results show that as properties move further from the neighborhood social center,
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listing agents substitute symbolic identity for physical proximity. For instance, generic
property search language (Topic 3) is positively associated with relative distance from
centroid (+0.20,p < 0.001), while specific interior amenity language (Topic 5) is negatively
associated (—0.03,p < 0.01). Further, compared to central listings, the language used in
peripheral listings shifts from location specific, non-portable amenities (Topics 1,5) toward
more abstract and generic property-search language (Topics 2,3,4,6,7), a pattern illustrated

in Figure 2.1.

2.7 Implications Beyond Sociology

The use of LLMs has exploded in recent years, and they can be seen by the general public
as a simple, reliable solution to many routine problems. However, it remains an open question
how powerful they may be in interdisciplinary research (Ziems et al., 2024). In order to better
understand the impact of NLP on a broader scale and help address a specific question in the
field of Urban Sociology, we demonstrate the effectiveness of LLMs at a notoriously difficult
task: identifying where rental listings claim to be located on a large scale, in order to inform
our understanding of processes of social construction of urban space.

However, although the impact of language models on this task may be transformative in
the ability to quickly expand the scope of analysis, the quantifiable improvement on simple
algorithms designed by experts is perhaps more incremental. In addition, the LLM labeling
was certainly not perfectly accurate, suggesting that there is still room for improvement in
large language models that might not be captured by tests and benchmarks developed solely
within the field of NLP, and that interdisciplinary collaboration could lead to improvements
both in NLP methodology and in making research questions and analyses in a broad range of

fields more tractable and scalable.
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2.8 Limitations

Our analysis of Craigslist rental listings provides valuable insights into neighborhood
claims and social construction, but several important limitations should be acknowledged.
The process of collecting data from Craigslist presents inherent challenges regarding post
uniqueness and identification. Despite our deduplication efforts, the platform’s structure
makes it difficult to definitively determine which posts represent truly unique listings versus
slightly modified versions of the same property.

While our dataset offers substantial coverage across Chicago neighborhoods, it cannot
claim to be fully representative of the entire rental market. Craigslist represents just one
segment of available rental properties, potentially skewing toward certain price points or
property types. Additionally, our data may over represent certain management companies
and realtors who post frequently on the platform, as opposed to “mom and pop” owners.
These high-volume posters are more likely to use standardized language across multiple
listings, which may introduce uniformity in how neighborhoods are described that doesn’t
reflect broader market patterns.

A fundamental challenge in this research is the absence of an authoritative catalog of
Chicago’s neighborhoods. As we argue, such a catalog is conceptually impossible. For
practical purposes, we relied on Zillow’s neighborhood boundaries as our primary reference,
but these designations do conflict with local understandings. For example, questions arise
about whether “West Loop” constitutes its own neighborhood distinct from “West Loop Gate,”
or whether “East Rogers Park” should be considered separate from “Rogers Park.” These
ambiguities reflect the socially constructed nature of neighborhoods themselves. Also, many
units along Lake Michigan have a view of the water, and therefore advertise “views of the
lake” or “lake views” which can be impossible to distinguish from listings claiming to be a
“lake view” without considering the corresponding latitude and longitude coordinates.

Furthermore, assigning a single neighborhood label to each listing proved challenging

when advertisements contained multiple, sometimes competing neighborhood claims. Our
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hierarchical labeling approach (prioritizing title, then body, then neighborhood field) neces-
sarily simplifies what can be complex spatial positioning strategies employed by listing agents.
A rental advertisement might strategically claim association with multiple neighborhoods
simultaneously, a nuance our single-label framework cannot fully capture. For instance, a
listing located on the border between Logan Square and Humboldt Park might leverage both
neighborhood identities depending on the perceived audience and market conditions.

These limitations highlight the inherent complexity of studying socially constructed spatial
boundaries through digital traces and suggest opportunities for future research employing

more nuanced approaches to neighborhood identification and classification.

Ethics Statement

Deciding how to approach this analysis is a non-trivial decision and following the extensive
work in sociology and economics is important. We spoke experts in both fields in scoping
and executing this project.

We collect data from Craigslist which, in some cases, contains specific information about
individual posters. Craigslist is a public forum whose housing section should not contain
much information irrelevant to the housing ads themselves. We do not release these data
publicly per the non-commercial use terms of service and ensure no PII appear in any of our
writing, results or figures.

Another limitation when working with pretrained foundation models like GPT-4 is a lack
of reproducibility, as we do not have access to the training data or the weights. In the interest
of reproducibility, we keep annotation costs under $100.

We utilized multiple Generative Al tools (OpenAIl’'s GPT-4/5 and Anthropic’s Claude
4.5 Opus/Claude Code) in the production of this manuscript, in the following ways: 1)
producing computer code for data cleaning and analysis and 2) iteratively improving the

concision and clarity of the writing. We have carefully reviewed all aspects of the manuscript
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for accuracy and coherence. All scientific insights, analysis and interpretation of data and

scientific conclusions are made solely by the authors.
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Figure 2.4: Contested boundaries for Logan Square neighborhood according to the official
City of Chicago limits (blue), Zillow’s definition (red), and claims in Craigslist rental listings
(orange points for listings claiming to be in the neighborhood, purple if claiming to be
elsewhere); the center of our Craigslist-defined neighborhood is represented by a green star.
Logan Square represents a popular neighborhood with many postings and a number of nearby
listings claiming to be within the neighborhood.

2.9 Supplementary Tables and Figures

2.9.1 Full Performance Metrics for Neighborhood Claim Validation

2.9.2 Topic Modeling Results

Working with more than 35,000 unique and often verbose advertisements, we fit a topic
model on k£ = 25 topics to identify main themes in the rental listings. We do not provide

interpretations of the topic, but show the common words in Table 2.6.
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String Match GPT-4 Mini

Neighborhood Prec. Recall F1 Prec. Recall F1 Support
the loop 0.12 0.50 0.20 1.00 1.00 1.00 2
rogers park 1.00 1.00 1.00 0.75 1.00 0.86 3
lake view 0.63 0.86 0.73 0.94 0.73 0.82 22
ranch triangle - 0.00 0.00 - 0.00 0.00 1
lincoln park 0.90 1.00 095 0.94 0.89 0.91 18
fulton river district - 0.00 0.00 1.00 1.00 1.00 1
south loop 1.00 1.00 1.00 1.00 1.00 1.00 3
park west - 0.00 0.00 - 0.00 0.00 1
west town 1.00 1.00 1.00 1.00 1.00 1.00 1
logan square 0.88 0.88 0.88 0.89 1.00 094 8
lake view east - 0.00 0.00 0.90 0.90 0.90 10
university village - little italy — — 0.00 0.00 - 0.00 0.00 2
uptown 1.00 0.83 0.91 1.00 0.83 0.91 6
wicker park 1.00 1.00 1.00 1.00 1.00 1.00 4
portage park 1.00 1.00 1.00 1.00 1.00 1.00 2
old town 1.00 0.83 091 1.00 0.83 0.91 6
avondale - 0.00 0.00 - 0.00 0.00 1
west loop gate - 0.00 0.00 1.00 1.00 1.00 4
streeterville 1.00 1.00 1.00 1.00 1.00  1.00 2
ravenswood 1.00 0.80 0.89 1.00 0.80 0.89 )
wrigleyville 1.00 0.67 0.80 1.00 1.00 1.00 3
river north 0.83 0.71  0.77 0.86 0.86 0.86 7
buena park 1.00 1.00 1.00 0.75 1.00 0.86 3
bucktown 1.00 1.00 1.00 1.00 1.00 1.00 7
kenwood - 0.00 0.00 1.00 1.00 1.00 1
old irving park 1.00 1.00 1.00 1.00 1.00 1.00 1
edgewater 1.00 1.00 1.00 1.00 1.00 1.00 5
pilsen 1.00 1.00 1.00 1.00 1.00 1.00 7
garfield ridge 1.00 1.00 1.00 1.00 1.00 1.00 1
humboldt park 1.00 1.00 1.00 1.00 1.00 1.00 1
andersonville 1.00 1.00 1.00 1.00 0.67 0.80 3
west rogers park 1.00 1.00 1.00 1.00 1.00  1.00 1
ukrainian village 1.00 1.00 1.00 1.00 1.00 1.00 1
gold coast 0.75 1.00 0.86 0.75 1.00 0.86 3
hyde park 1.00 1.00 1.00 1.00 1.00 1.00 1
roscoe village 1.00 1.00 1.00 0.33 1.00 0.50 2
east garfield park 1.00 1.00 1.00 1.00 1.00 1.00 1
albany park 1.00 1.00 1.00 1.00 1.00 1.00 1
lincoln square 0.33 1.00 0.50 0.00 0.00 0.00 1
south shore 1.00 1.00 1.00 1.00 1.00 1.00 1
hermosa 1.00 1.00 1.00 0.50 1.00 0.67 1
ravenswood manor - 0.00 0.00 - 0.00 0.00 1
unknown 0.78 0.88 0.82 0.50 0.50 0.50 8
Average Metrics Total: 163
Accuracy 0.79 0.85

Macro Avg 0.76 0.74 0.62 0.78 0.81 0.70

Weighted Avg 0.88 0.79 0.77 0.91 0.85 0.85

Table 2.4: Detailed performance metrics by neighborhood for string matching and GPT-4
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Variable Coef. Std. Err. t P>t
Intercept 0.10 0.01 10.40 0.00
Bedrooms 0.02 0.00 8.83 0.00
Bathrooms 0.02 0.00 6.25 0.00
Rent 0.00 0.00 -14.56 0.00
Square Footage 0.00 0.00 2.17 0.03
Topic 2 Rental 0.03 0.01 3.40 0.00
Topic 3 Property 0.20 0.01 14.99 0.00
Topic 4 Spanish 0.10 0.01 9.42 0.00
Topic 5 Amenities  -0.03 0.01 -2.98 0.00
Topic 6 Condition 0.02 0.01 1.86 0.06
Topic 7 Contact 0.05 0.01 5.56 0.00

Table 2.5: Regression results demonstrating how relative distance from the center of the
neighborhood associates with rental unit characteristics.

Table: Topics for k£ =25

Topic Common Words

Topic 1 hyde, property, si, terrace, la, estos, con, mac, elli, street

Topic 2 large, space, floor, living, dining, closet, bedroom, heat, storage, central

Topic 3 contact, call, schedule, photo, tour, please, unit, info, show, actual

Topic 4 space, walk, home, lease, great, living, street, one, loft, large

Topic 5 real, estate, star, text, tour, community, view, lounge, apartment, finish
Topic 6 lease, mo, blueground, month, furnished, amenity, stay, offer, view, access
Topic 7 cat, feature, floor, call, dishwasher, one, fee, lakeview, n, dog

Topic 8 modern, heat, property, central, bus, appliance, call, gas, cat, air

Topic 9 apartment, rental, lake, property, place, hill, alquilar, cheap, new, grove

Topic 10 unit, special, availability, subject, dog, weight, onsite, please, price, various
Topic 11 view, center, lake, amenity, free, onsite, community, michigan, call, window
Topic 12 fee, credit, deposit, tenant, new, security, included, move, pay, pet

Topic 13 hyde, apartment, regent, horas, onsite, market, la, est, e, museum

Topic 14 apartment, rental, lake, property, place, hill, cheap, find, new, grove

Topic 15 studio, property, bjb, internet, complimentary, e, change, picture, subject, fitness
Topic 16 fee, mile, white, home, tile, neighborhood, make, company, new, tenant

Topic 17 housing, water, included, heat, opportunity, landstar, equal, group, act, feature
Topic 18 contact, show, info, price, availability, email, renovated, included, click, web
Topic 19 lake, bus, block, cta, walk, red, minute, away, stop, distance

Topic 20 info, contact, show, click, il, id, feature, friendly, text, n

Topic 21 amenity, view, center, pool, fitness, luxury, outdoor, lounge, garage, window
Topic 22 logan, banker, coldwell, square, blue, real, estate, please, opportunity, equal
Topic 23 hyde, village, height, center, drexel, grand, nuestros, river, maintenance, m
Topic 24 fee, per, cat, lease, dog, application, deposit, one, heat, gas

Topic 25 new, appliance, stainless, steel, floor, central, large, feature, granite, dishwasher

Table 2.6: Topic clusters from LDA topic modeling on Chicago Craigslist rental listings,
k = 25.



Chapter 3

The “Obesity Epidemic” Is Gendered: Decomposing US Prevalence

Trends Since 2000

Abstract. Concern about the “obesity epidemic” in the United States is anchored by a
consistent upward trend in Body Mass Index (BMI) over time. Yet it has not been empirically
supported that population-level increases in BMI reflect actual increases in excess fat tissue
(adiposity). Using direct standardization and machine learning-assisted multiple imputation
on National Health and Nutrition Examination Survey (NHANES) data from 1999 to 2018,
this study decomposes U.S. obesity prevalence trends across three obesity classification
metrics: BMI, waist circumference (WC), and dual-energy X-ray absorptiometry (DXA)—the
clinical standard for measuring total body fat. I find that while BMI- and WC-based obesity
prevalence rose by 12.8 and 14.3 percentage points, DXA-based obesity showed no statistically
significant change over the same period (+0.9 %, p = 0.7). Demographic compositional shifts
account for less than 3% of the BMI trend, ruling out population aging and racial/ethnic
diversification as primary contributors. However, the aggregate stability in DXA masks a
profound, structurally gendered divergence: DXA-based obesity rose by nearly 10 percentage
points among men, but fell by 7 percentage points among women, even as BMI indicated
rapidly rising obesity for both. These findings challenge the foundational narratives linking
rising population fatness to adverse health outcomes, demanding a critical reassessment of

the metrics used to construct and surveil public health crises.
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3.1 Introduction

The “obesity epidemic” emerged as one of the defining public health narratives of the early
twenty-first century in the United States. Following the National Institutes of Health (NIH)
decision to standardize the classification of obesity at a Body Mass Index (BMI) > 30, the
the documented prevalence of obesity among U.S. adults surged from approximately 30 to 43
percent (Ogden et al., 2013; Hales et al., 2020; Emmerich et al., 2024). This trend commanded
urgent attention not only because of the rate of increase, but because it coincided with rising
rates of type 2 diabetes, metabolic syndrome, cardiovascular disease, and numerous other
morbidities (Moore et al., 2017; Roth et al., 2020; Saeedi et al., 2019). For many of these
morbidities, the physiological mechanisms linking excess adiposity to adverse outcomes —
such as insulin resistance, systemic inflammation, and hypertension — were well-established
(Kahn et al., 2006; Poirier et al., 2006). Consequently, the co-occurrence of rising obesity
with worsening health outcomes endowed the “obesity epidemic” with immense scientific and
social force. Framed and understood as a public health crisis (Saguy, 2013), it reshaped
clinical guidelines, restructured public health priorities, and generated a decades-long research
apparatus aimed at reversing the observed rise in BMI.

That scientific force rests, however, on a largely unexamined assumption: that BMI
tracks actual adiposity well enough at the population level to capture how body fat has
changed across demographic groups. In practice, this assumption underwrites the widespread
interpretation that the “obesity epidemic” reflects a shared increase in body fat across time,
among both men and women, within racial/ethnic groups, etc. Yet, this remains an empirical
claim. BMI systematically misclassifies individuals by conflating fat mass with lean mass, and
its relationship to body fat composition varies substantially by age, sex, and race/ethnicity

(Romero-Corral et al., 2008). While a robust literature documents these limitations at
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the individual level and proposes alternative indices (Stanford et al., 2019; Jeong et al.,
2023; Wang et al., 2024), whether they produce different prevalence trends over time at the
population level has received far less scrutiny. If BMI is a reliable epidemiological signal,
population trends derived from it must track trends derived from direct measures of adiposity.
If they diverge, the data-driven basis of the obesity epidemic narrative is even more tenuous
than previously documented.

In this study, I test that assumption directly using data from the National Health and
Nutrition Examination Survey (NHANES). I compare obesity prevalence trends derived from
BMI and waist circumference (WC) — the two most widely used anthropometric proxies —
against trends derived from dual-energy X-ray absorptiometry (DXA) scans of total body fat,
the clinical reference standard for measuring adiposity. Because DXA collection in NHANES
has been intermittent since 1999, I multiply impute body fat percentage to recover a consistent
series spanning the full study period.

The central finding is stark: BMI and WC followed virtually identical trajectories, rising
by 12-14 percentage points over 1999-2018. While these two measures were offset in absolute
level, their slopes were statistically indistinguishable, demonstrating a shared trend that was
entirely absent in the DXA data. Indeed, DXA-based obesity rose by only 0.9 percentage
points over this same period — a change that was not statistically significant (p = 0.700).
While the two anthropometric measures tracked each other with high fidelity, neither reflected
aggregate adiposity as measured by DXA.

A natural concern is that this divergence is a demographic artifact rather than a genuine
measurement discrepancy. As the U.S. population aged and became more racially and
ethnically diverse, the share of individuals drawn from groups for whom BMI systematically
mis-estimates adiposity shifted (Stanford et al., 2019; Perez and Hirschman, 2009) — potentially
changing aggregate BMI-based prevalence mechanically, without any change in underlying
body fat. To assess this, I decompose the BMI and DXA trends using direct standardization,

constructing counterfactual prevalence series that hold demographic composition fixed at
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1999 levels while allowing within-group rates to evolve, and vice versa. This analysis finds
that demographic compositional change explains less than 3 percent of the cumulative rise in
BMI-based obesity over the study period. The divergence between BMI and DXA trends is
therefore not an artifact of population aging or diversification; it reflects a genuine difference
in what the measures capture.

The implication is that the biological claim embedded in the obesity epidemic narrative
— that the U.S. population carried substantially more body fat in 2018 than in 1999, and
became less healthy as a result — is considerably weaker than the BMI time series implies.
This does not mean cardiometabolic outcomes improved, or that the health conditions rising
alongside BMI were imaginary. Those observed outcomes are not contested by the analyses
presented here. But if the most direct available measure of adiposity shows no statistically
compelling upward trend over the same period, the causal chain connecting population-level
fatness to population-level morbidity requires more scrutiny than it has received to date.
This has important implications for social policy as interventions specifically targeting body

weight may not be the thing we should be prioritizing.

3.2 Background

3.2.1 Defining and Measuring Obesity

It is important to delineate the concept of “obesity" from its many measures. BMI, the
most common measure (calculated as weight in kilograms divided by height in meters), is
often fallaciously conflated with “obesity,” the concept, which the World Health Organization
(WHO) formally defines as “(1) excessive adipose tissue accumulation that (2) presents a risk
to health” (World Health Organization, 2023). However conceptually intuitive, some scrutiny
reveals that this definition is still under-specified along several axes. Excessive fat relative
to which baseline? How much of an increased health risk, and for which health outcomes?

BMI > 30 is the dominant metric for measuring obesity even though a ratio of weight to
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height measures neither adiposity nor health directly. And we do have different ways to
measure adiposity. There is directly measured adiposity with Dual X-ray Absorptiometry
(DXA) scans, which is the most reliable measure of fat we have. Depending upon the machine,
there is a small amount of irreducible measurement error associated with any individual scan.
There is also imputed DXA, which tries to capture the same thing conceptually, but is derived
from more readily observable correlates. Imputed DXA, like any predicted outcome, contains
some amount of prediction error. These measures of adiposity are different conceptually
from anthropometric measures like BMI or waist circumference which are targeting different,
related constructs, each with their own measurement and prediction error.

Direct or imputed measures of adiposity and anthropometric body measures are also
distinct from health. The notion that BMI relates in some systematic way to population
health was made when it was repurposed as an epidemiological tool by Keys et al. (1972).
The BMI was then further institutionalized in U.S. clinical practice following the NIH’s 1998
revision of BMI cutoffs to align with the WHO’s global standard. This move was reported
at the time by an infamous CNN article that opened “Millions of Americans became “fat"
Wednesday — even if they didn’t gain a pound." (Cohen and McDermott, 1998).

Despite being a bit tongue in cheek, this characterization was exactly right, because rather
than capturing body composition, the BMI is simply a measure of body proportion. It cannot
distinguish between fat mass, lean mass, muscle mass, or bone density; a crucial distinction
for a definition of obesity that focuses on fat tissue. Furthermore, past work has found
that body proportion, as measured by BMI, varies considerably across demographic groups
(Romero-Corral et al., 2008; Jeong et al., 2023). Competing measurement systems have been
proposed to operationalize the underlying construct as it relates to health more directly.
Waist circumference and waist-to-hip ratio target abdominal adiposity specifically, motivated
by evidence that central fat deposition is more strongly associated with cardiometabolic risk
than peripheral fat (Després, 2006; Fourman et al., 2025). Dual-Energy X-ray Absorptiometry

(DXA) scans, the current clinical reference standard for measuring adiposity, distinguishes
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regional body fat percentage through differential tissue attenuation of low-dose X-rays,
providing a far more direct index of total body fat percentage than any anthropometric proxy
can (Laskey, 1996; Wells and Fewtrell, 2006; Shepherd et al., 2017; Borga et al., 2018). DXA-
based obesity thresholds are anchored more closely to the physiological construct the WHO
definition invokes, though the provenance and accuracy of these cutoffs is itself contested (Ho-
Pham et al., 2011; Potter et al., 2025). The coexistence of these measurement systems reflects
a foundational ambiguity: obesity as a biological construct — excess fat tissue in individuals
— and obesity as a public health phenomenon — a risk-stratifying classification applied to
populations — have always been loosely coupled, held together by the practical tractability
of BMI rather than its construct validity alone. This tension has recently prompted formal
reconsideration of how obesity should be defined clinically.

Because BMI-based measures of obesity can both underestimate and overestimate adiposity
and provide inadequate information about health at the individual level, the Lancet released
a Diabetes & Endocrinology Commission on Clinical Obesity in 2025 where they proposed a
revised framework that integrates BMI with anthropometric measures or direct measures of
adiposity and distinguishes clinical obesity — characterized by organ dysfunction or physical
limitation — from preclinical obesity, where excess adiposity is present without current
impairment (Rubino et al., 2025). Applying this new definition to the All of Us cohort
(2017-2023), ? find that obesity prevalence increases by 60 percent relative to traditional
BMI-based obesity classification. That a redefinition of the same underlying concept produces
a 60 percent shift in estimated prevalence is not merely a measurement curiosity: it illustrates
that what we collectively “know" about the scope and distribution of this “obesity epidemic"
is not a stable empirical fact but a product of the classificatory choices through which the

phenomenon is made observable.
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3.2.2 Social Disparities, Adiposity, and Health

The scientific case for treating excess adiposity as a health risk is more contingent
than public health discourse typically acknowledges. Adipose tissue, particularly visceral
fat deposited around the abdominal organs, contributes to insulin resistance, systemic
inflammation, and hypertension through well-characterized molecular pathways (Kahn et al.,
2006; Poirier et al., 2006). Elevated adiposity has also been associated with increased risk
of type 2 diabetes, cardiovascular disease, certain cancers, and all-cause mortality across
a wide range of populations (Roth et al., 2020). But not-being-fat is far from a panacea
for health. For example, there are individuals classified as obese by BMI but who exhibit
healthy cardiometabolic profiles (Wildman et al., 2008); a fact articulated clearly by some fat
activists such as through the slogan "health at every size" (HAES) (Rothblum, 1992; Gaesser,
1996; Bacon et al., 2005; Burgard, 2009; Penney and Kirk, 2015). There are also, conversely,
individuals within the “normal” BMI range who harbor metabolically harmful levels of visceral
fat — a condition sometimes called Metabolically Obese Normal Weight (MONW), Normal
Weight Obesity (NWO), or colloquially referred to as “skinny-fat” (Oliveros et al., 2014).

These examples illustrate a deeper problem with treating BMI as a proxy for health risk:
the relationship between body weight and adverse outcomes is complicated by factors that
can operate independently of adiposity itself. On the biological side, risk depends not on
total fat mass but on its distribution and metabolic context — visceral fat carries different
implications than subcutaneous fat, and individuals with identical BMIs can have dramatically
different cardiometabolic profiles (?Oliveros et al., 2014). But the pathway from a high
BMI classification to poor health outcomes is not exclusively biological. Being categorized
as obese by a clinical or administrative system can itself generate harm. Ernsberger and
Haskew (1987); Wooley and Wooley (1981); Polivy and Herman (1985) have shown that
the medicalization of fatness, repeated cycles of prescribed dieting, and participation in
weight-loss interventions have been linked to disordered eating, depression, and elevated

anxiety. Weight stigma in clinical encounters can deter care-seeking and reduce the quality of
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treatment received, independently of any physiological effect of excess fat (Puhl and Heuer,
2010; Tomiyama et al., 2018). BMI thus functions less as a clean biological signal than
reinforcing socially consequential classifications that activates institutional responses whose
health effects are entangled with the underlying adiposity it imperfectly measures. The
heterogeneity of outcomes within any BMI category reflects not only the metric’s imprecision
as a correlate of body fat, but the complexity of the causal pathways, biological and social,

through which body size manifests in observable health outcomes.

3.2.3 Obesity as a Population Health Problem

In the late twentieth century we witnessed a dramatic rise in BMI-defined obesity in
the United States, from roughly 15 percent in the late 1970’s to the levels documented
above, prompting the CDC and WHO to frame the trend as a “global epidemic” by the
early 2000s (Flegal et al., 1998; Mokdad et al., 2003). This framing commanded unusual
cross-disciplinary attention; clinical medicine, public health, nutrition science, demography
and sociology converged on rising BMI as a primary driver of preventable morbidity and
mortality (Allison et al., 1999; Ferraro and Kelley-Moore, 2003; Scharoun-Lee et al., 2011,
Johnston and Lee, 2011). With this emerging consensus came an urgency to reshape clinical
guidelines, accelerate pharmaceutical investment in weight-loss interventions, motivate lifestyle
and behavior changes, and motivated efforts to redesign the built environment to reduce
obesogenic exposures (Wing et al., 2001; Hill et al., 2003; Sallis and Glanz, 2006; Bray and
Ryan, 2021).

Within the Demography literature on obesity, a core contribution has been the decompo-
sition of persistent racial and socioeconomic disparities in BMI-defined obesity. Johnston and
Lee (2011) decompose the substantial black-white gap in female obesity into contributions
from energy intake, energy expenditure, and unobserved factors, finding that overconsumption
rather than inactivity is the primary proximal driver — and demonstrating in the process that

the choice between BMI and waist-to-height ratio as the adiposity outcome materially affects
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estimates of the gap’s magnitude. Scharoun-Lee et al. (2011) use latent class analysis to
show that intergenerational socioeconomic profiles predict young adult obesity in ways that
conventional social mobility measures obscure, with effects that differ substantially by race
and gender. Beyond stratification, demographers have also examined how contextual and
institutional factors shape obesity risk: Baker et al. (2015) find that children of immigrant
mothers are more likely to be have an “obese" BMI than children of U.S.-born mothers
— contrary to the immigrant epidemiological paradox — with maternal linguistic isolation
and pre-pregnancy weight status as key mediating factors. Barlow (2021) exploits a natural
experiment in Nigeria to show that the protective effect of schooling on overweight and obesity
documented in high-income countries does not replicate in a low- or middle-income context,
underscoring the degree to which associations between social position and BMI-defined obesity
are calibrated by contextual factors rather than reflecting universal biological regularities.
A parallel, more critical literature challenged whether the “epidemic” was as empirically
grounded as official discourse implied. In response to limitations identified in Mokdad et al.
(2003), Flegal et al. (2005) presented updated analyses demonstrating that the association
between BMI and all-cause mortality was non-monotonic, with modest overweight associated
with lower mortality than “normal” weight in some demographics — findings that generated
intense methodological controversy while revealing the fragility of mapping BMI to health risk
(Flegal, 2021). Scholarship across critical fat studies, the sociology of health, and feminist
theory has interrogated not just the empirical foundations of the obesity epidemic narrative
but the social work that narrative performs. This literature frames rising BMI as a moral
panic in which statistical associations between weight and health risk are amplified into a
broader discourse of bodily deviance, individual failure, and public menace (Campos, 2004;
Gard and Wright, 2005). The speed and consensus with which this framing took hold is
itself sociologically remarkable: within a decade of the NIH’s 1998 revision of BMI cutoffs,
obesity had been declared a crisis, reclassified as a disease, and made the target of clinical,

pharmaceutical, legislative, and public health intervention at a scale that arguably outran
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the evidence base (Kirkland, 2011). Saguy (2013) shows that how fatness is framed — as a
medical condition, a moral failing, or a social justice issue — is not determined by scientific
evidence alone but by the institutional positions and cultural assumptions of the actors doing
the framing, with the medical framing consistently winning out in ways that pathologize
bodies and concentrate authority in clinical and public health institutions. That BMI is
the instrument through which this pathologization is operationalized raises questions that
go beyond measurement validity to the politics of how a metric becomes entrenched, whose
bodies bear the costs of its systematic errors, and what institutional interests are served by
its persistence.

Weight stigma research documented that anti-fat bias was pervasive in medical settings
and everyday social life, and that stigma itself — rather than or in addition to adiposity — was
a proximate driver of adverse health outcomes for people classified as obese (Puhl and Heuer,
2010; Tomiyama et al., 2018). Crucially, these critiques did not deny that excess adiposity
could impair health; they challenged whether BMI-classified obesity was a coherent biological
category, and whether the social costs of the epidemic framing, like amplified stigmatization,

were adequately weighed against the purported benefits.

3.2.4 The Obesity Measurement Gap

These debates have unfolded largely without resolving a prior empirical question: whether
population-level trends in BMI-defined obesity actually track population-level trends in
adiposity-defined obesity. The biological claim underlying the epidemic narrative suggests
that the epidemiological signal (rising BMI) and the construct it represents (obesity) follow a
similar trajectory. Individual-level evidence that BMI misclassifies adiposity is well established
(Romero-Corral et al., 2008; Stanford et al., 2019; Jeong et al., 2023), but measurement
error at the individual level does not necessarily aggregate into valid measurements at the
population level (Salerno et al., 2025). Moreover, how population trends compare for different

measures of obesity is a distinct empirical question, and one whose answer depends on whether
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the systematic errors in BMI, as a proxy for adiposity, have changed in magnitude over time
and whether those changes are distributed across demographic groups in ways that compound
rather than cancel.

The stakes of this question extend directly into the demographic literature described above.
Decompositions of racial and socioeconomic disparities in obesity, analyses of contextual
and institutional drivers, and studies of cumulative disadvantage over the life course treat
BMI-based obesity as a reliable proxy for the underlying health construct. If the BMI-DXA
obesity gap has widened at different rates across race, sex, or age groups over time, then
apparent changes in group disparities may partly reflect shifting measurement error rather
than genuine convergence or divergence in body fat, and ultimately, health outcomes.

Recent work has begun to address the gap between DXA- and BMI-based measures
of obesity. Aryee et al. (2025) restrict comparisons of BMI and DXA to the 2011-2017
NHANES cycles for adults aged 20-59, finding substantially different prevalence levels across
measures, but stopping short of a formal trend analysis including all adults (age 60+ ) or
spanning the full period over which the obesity epidemic narrative was constructed (1999-
2017). The intermittent availability of DXA in NHANES also raises methodological challenges:
Salerno et al. (2025) show that substituting BMI for directly measured adiposity does not
preserve valid obesity inference even when predictive accuracy is high, because prediction
error introduces both bias and variance that standard inferential tools fail to propagate. No
prior study has decomposed the sources of the BMI-DXA divergence into compositional and
within-stratum rate components, or examined how the BMI-DXA gap has itself changed over
time and across demographic subgroups. If the gap between anthropometric measures and
direct measures of adiposity has widened systematically over the same period that BMI-based
obesity prevalence rose most dramatically, the evidentiary basis of the epidemic framing
requires reassessment not merely on conceptual grounds, but empirical ones, too. Obesity, as
operationalized by BMI, may be better understood as a heterogeneously valid proxy whose

aggregate trends can diverge substantially from the underlying biological construct they are
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intended to measure — a possibility with direct implications for the research apparatus and

policy priorities built upon it.

3.3 Data and Methods

3.3.1 Data

The National Health and Nutrition Examination Survey (NHANES) is a continuous cross-
sectional study conducted by the National Center for Health Statistics (NCHS). NHANES
employs a stratified, multistage probability design to produce a representative sample of
the civilian non-institutionalized U.S. population. Data collection involves an in-home
interview (demographics and health behaviors) followed by a physical examination in a
Mobile Examination Center (MEC). This analysis uses NHANES data from the 1999-2000
cycle through the 2017-2018 cycle, the last complete pre-pandemic survey cycle. Data
collection in the subsequent 2019-2020 cycle was interrupted in March 2020 by the COVID-19
pandemic.

Standard anthropometric measures — including height, weight, and waist circumference —
are collected for all MEC participants in every two-year cycle. However, the collection of
whole-body Dual-Energy X-ray Absorptiometry (DXA) has been intermittent across the
study period. Figure 3.1 shows the data sources used for the subsequent analyses which are

described below:

e 1999-2006: DXA scans were administered to participants aged 8 and older. Because
missingness was non-random (correlated with age, race, and high BMI due to equipment
weight limits), NCHS provides five multiply imputed datasets which used Sequential
Regression Multivariate Imputation (SRMI) to address these biases (NCHS, 2008).

These data cover the entire adult age distribution, 20+.

e 2007—-2010: Whole-body DXA scans were not performed during these cycles. I use an
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ML-based imputation model trained on variables collected in the demographic survey

from the observed cycles to predict body fat percentage for this period (see Section 4.3).

e 2011-2018: DXA collection resumed with upgraded equipment (Hologic Discovery
A) that accommodated higher body weights. However, scans were restricted to adults
aged 20 to 59. T augment these data with imputations for adults age 60" using the

same ML-based imputation model.

To decompose obesity trends into compositional and rate components, I supplement
NHANES with CDC WONDER annual population estimates for 1999-2017 to obtain popu-
lation distributions by age, sex, and race/ethnicity. Age is recorded or grouped from vital
records and aligned with Census population counts. For sex, binary biological classification
is derived from administrative records. Race/ethnicity is taken from standardized categories
combining Census self-identification and administrative reporting. Additional information
about data collection in CDC Wonder is available on the CDC website here. These data
provide the marginal population shares necessary for the standardization and counterfactual
analyses.

The analysis proceeds in four stages. First, I impute missing BF% values for the full age
distribution of adult MEC respondents in 2007-2010 and for adults age 60" in 2011-2018.
Second, I apply survey weights to estimate crude obesity prevalence (based separately on
different measures) for the US adult population in each survey cycle from 1999-2018. Third,
I decompose the gap between BMI- and DXA-based obesity prevalence estimates using
direct standardization to U.S. Census population distributions, constructing counterfactual
prevalence scenarios that isolate the role of demographic composition. Fourth, I estimate

how each strata are differently contributing changes in the gap over time.
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3.3.2 Predicting Missing Body Composition Data

DXA-based measures of body fat percentage are not consistently observed across NHANES
survey cycles due to both item-level nonresponse and design-induced changes in age eligibility,
requiring explicit adjustment to ensure comparability of adiposity estimates over time (see
Section 4.2 for details regarding DXA data collection in NHANES). Although missing DXA
data among eligible respondents under age 60 in later cycles were judged by NCHS to
be approximately missing at random, the exclusion of older adults introduces structural
missingness that may bias DXA-based obesity prevalence estimates.

To address this, I impute BF% for respondents lacking DXA measurements using a model
trained exclusively on NHANES cycles with full adult age coverage. Specifically, I trained
an XGBoost prediction model on the NCHS multiply imputed DXA-based BF% data from
the 1999-2004 cycles, which include observations for adults aged 60 and older. The model
conditions flexibly on age, sex, race/ethnicity, BMI, waist circumference, and additional
anthropometric and health covariates, allowing the relationship between BMI and BF% to
vary across the age distribution (see (Schenker et al., 2011) and Appendix Section 3.8.1 for
more details about covariates and specifications used for imputation).

To account for heterogeneity in the precision of the NCHS imputed values across demo-
graphic subgroups, training observations were assigned weights inversely proportional to the
squared standard error of the NCHS multiple imputation estimates within each sex x BMI

category cell:

1
W; X —5——
SEg(Z) +c
where gl\ig(i) is the published standard error of the NCHS mean body fat estimate for the
sex X BMI category cell to which participant i belongs (Schenker et al., 2011), and c¢ is a floor

constant that prevents extreme weights in the most precisely measured cells. This scheme

concentrates learning on demographic cells where the NCHS imputed values are most reliable,



46

reducing the influence of observations with high imputation uncertainty. Model performance
was assessed via five-fold cross-validation within the 1999-2004 training data, yielding an
overall training root mean squared error (RMSE) of 1.828 BF%. Additional details on model
specification, tuning, and validation are provided in the Appendix, section 3.8.1.

BF% values from the NCHS multiple imputation (Schenker et al., 2011) are carried forward
unchanged for the 1999-2006 cycles in the analytic dataset. The trained model is applied
only to respondents for whom no DXA-based BF% is available: (i) all MEC respondents in
survey cycles where DXA was not collected (2007 and 2009), and (ii) respondents aged 60
and older in cycles where DXA collection was restricted by design (2011-2018). To propagate
imputation uncertainty I follow Centers for Disease Control and Prevention (CDC) (2024)
and generate five predicted BF% values per respondent by adding independent draws from
a zero-mean Gaussian distribution with standard deviation equal to the model’s training
residual SD, yielding five completed datasets that are analyzed separately and combined

using Rubin’s rules.

3.3.3 Estimating Crude Obesity Prevalence

All analyses use NHANES MEC weights, strata, and primary sampling units to account
for the complex survey design. For respondents with multiply imputed DXA measures
(1999-2006), survey weights are retained unchanged across imputations and combined using
Rubin’s rules. For survey years without DXA examinations (2007-2010, 2011-2018 age 607),
multiply ML-predicted BF% values are treated as multiple imputations with weights carried
unchanged across draws. Unlike official NCHS reports (Ogden et al., 2013; Hales et al., 2020;
Emmerich et al., 2024), which age-standardize to the U.S. population in 2000, I produce
crude estimates to capture how obesity prevalence evolves alongside the shifting demographic
structure of the U.S. population.

Measure-specific crude obesity prevalence in each survey cycle t is estimated as the

weighted proportion of binary obesity indicators I:



47

Data Source [l NHANES Mi (1999-2006) [l Directly Observed DXA (2011-2018, age <60) [l ML Imputed (XGBoost)
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Figure 3.1: This shows the composition of participant data across NHANES survey cycles.
Data for 1999-2005 relies on NHANES Multiple Imputation (MI). Directly observed DXA
measurements are available for a subset of participants in the 2011-2018 cycles. To address
missing data — specifically for the 607 age group in 2011-2018 and all participants in the
20072009 cycle — an XGBoost ML model was used for imputation. This model was trained
on 1999-2005 data to mitigate selection bias.

o = Zwit I(X" > ) (3.1)

for measure m € {BMI, DXA, WC}, where w;; denotes survey weights incorporating strata
and PSU, and ¢ denotes sex- and measure-specific obesity cutoffs (BMI > 30; DXA > 30(M),

42(F) BF%; WC > 88(F), 102(M) cm for continuous measure X™) (Potter et al., 2025).

Stratum-specific prevalence is estimated by partitioning on age, sex, and race/ethnicity.

3.3.4 Demographic Decomposition of Prevalence Trends

Let g € G index mutually exclusive demographic strata defined by age group € {20-39,
40-59, 60"}, sex € {Female, Male}, and race/ethnicity € {NH-White, Hispanic, NH-Black,
NH-Asian, Other}. Let 7y denote the population share of stratum ¢ at time ¢ (obtained

from U.S. Census data), and let OF} denote stratum-specific obesity prevalence for obesity
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measure m € {BMI, WC, DXA}. Aggregate prevalence can be written as:

O = 7y O (3.2)

geG

To isolate the contributions of demographic compositional change and within-stratum rate
change to prevalence trends, I apply direct standardization separately for each measure m.
Holding population composition fixed at its 1999 distribution while allowing stratum-specific

rates to evolve yields:

O;n,ﬁx—w = Z Tg,1999 O;)Z (33)

geG
Conversely, holding stratum-specific rates fixed at 1999 levels while allowing composition

to change yields:

~m, fix-rate m
O * = ngt Og1999 (3.4)

gea
The portion of the trend in measure m attributable to compositional shifts is
A = O — oy fix™ and the portion attributable to changing stratum-specific rates
is Ayt — Oom _ Oyierate - Applving this decomposition to both BMI and DXA separately
reveals whether the divergence between the two measures is driven by within-stratum rate

changes, compositional shifts, or both.

3.3.5 The BMI-DXA Gap Over Time
I define the aggregate BMI-DXA obesity gap as:

0 = OPM — OP*A =3 "y (OBM — O™ (3.5)

e g
g Syt

where 4 denotes the stratum-specific measurement discrepancy in survey cycle ¢. I track d;
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over the full study period as a descriptive quantity, and examine stratum-specific contributions
Cyt = gt 04 to identify populations where high measurement error and significant demographic
weight combine to distort aggregate obesity estimates. A negative contribution indicates
BMI underestimates obesity relative to DXA for that group; a positive contribution indicates

overestimation.

3.4 Results

3.4.1 Obesity Prevalence Trends Across Measures

Figure 3.2 presents crude obesity prevalence estimates across all three measures from
1999 to 2017. BMI-based obesity prevalence increased from 29.9% (95% CI: 27.0-32.8) in
19992000 to 42.7% (95% CI: 39.3-46.0) in 2017-2018, a 12.8 percentage point increase
over the 19-year period (p < 0.001). Waist circumference-based obesity showed the largest
absolute increase, rising from 46.2% (95% CI: 41.9-50.6) to 60.6% (95% CI: 57.3-63.8), a 14.3
percentage point rise (p < 0.001). DXA-based obesity prevalence showed almost no change,
rising from 40.4% (95% CI: 37.2-43.6) to 41.3% (95% CI: 38.2-44.3), a 0.9 percentage point
increase that was not a statistically significant change (p = 0.700).

Taken at face value, these aggregate trends suggest a divergence between anthropometric
measures and direct measures of adiposity. However, this aggregate stability in DXA-based
obesity conceals substantial heterogeneity by gender. Figure 3.3 shows that the flat overall
DXA trend is the result of offsetting changes among men and women. Among men, DXA-based
obesity increases over the study period in a pattern broadly consistent with BMI. Among
women, however, DXA-based obesity declines, even as BMI-based obesity rises steadily. The
appearance of a stable aggregate trend in adiposity is therefore not indicative of uniform
population dynamics, but rather reflects the combination of opposing trajectories across
genders.

This divergence is further reflected in the BMI-DXA gap. As shown in Figure 3.4,
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Crude Obesity Prevalence Trends in U.S. Adults (1999-2017)

Three measures of obesity of the same population show divergent trends over time

60%

50%

20% /O

Prevalence (%)

30%

1999 2001 2003 2005 2007 2009 2011 2013 2015 2017
Year

Obesity Measure =0= BMI (...30 kg/m..) DXA (...30% M/ ...42% F) =O= Waist Circumference (...102cm M / ...88cm F)

Source: NHANES 1999-2018. Survey-weighted estimates with 95% confidence intervals.
DXA values for 1999-2006 are multiply imputed; 2007-2010 are multiply ML-predicted.

Figure 3.2: Crude obesity prevalence trends by measure, U.S. adults aged >20, NHANES
1999-2017. Survey-weighted estimates with 95% confidence intervals. DXA estimates for
1999-2006 use multiply imputed values; 2007-2010 estimates use ML-predicted values.

DXA-based prevalence exceeded BMI-based prevalence in most survey cycles. The BMI-DXA
gap was largest at -13.3 percentage points in 1999-2000, narrowed to -7.2 pp by 2005-2006,
and continued to shrink through 2017-2018, where it reached -2.1 pp. While this pattern
is consistent with prior evidence that BMI underestimates obesity due to its inability to
distinguish fat from lean mass Romero-Corral et al. (2008), Figure 3.5 shows that this gap is
not uniform across genders. Instead, it reflects distinct and evolving discrepancies between
BMI and adiposity for men and women, with BMI increasingly masking the divergence in

underlying body composition trends.

3.4.2 Formal Tests of Trend Equality

To assess whether the three measures rose at statistically equivalent rates, I fitted linear

probability models of the within-person difference in obesity classification on survey year,
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Sex-Stratified Obesity Prevalence Trends: BMI vs. DXA, 1999-2017

For men, both measures rose; for women, BMI rose while DXA body fat prevalence fell

Male

50%

45%

40%

35%

30%

25%
Female

45%

Obesity Prevalence (%)

40%

35%

—

1999 2001 2003 2005 2007 2009 2011 2013 2015 2017
Year

Measure == BMI =® DXA

Survey-weighted estimates within sex. DXA: >=30% body fat (men), >=42% (women). BMI: >=30 kg/m2.
Pre-2011 DXA values use NCHS multiple imputation (1999-2006) or ML prediction (2007-2010).

Figure 3.3: Decomposing the BMI- and DXA-obesity trends by gender reveals that the stable
aggregate trend is comprised of an increasing trend for men and a decreasing trend for women

which roughly cancel.
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Gap Between BMI and DXA Obesity Prevalence (1999-2017)

BMI obesity prevalence minus DXA obesity prevalence

-10.0 pp

BMI — DXA Gap (percentage points)

1999 2001 2003 2005 2007 2009 2011 2013 2015 2017
Year

Source: NHANES 1999-2018. Negative values indicate BMI underestimates obesity relative to DXA.
BMI consistently underestimated obesity throughout 1999-2017.

Figure 3.4: Evolution of the BMI-DXA obesity prevalence gap, 1999-2017. Gap calculated as
BMI prevalence minus DXA prevalence within demographic strata, then aggregated; negative
values indicate BMI underestimates obesity relative to DXA. The gap was largest at —13.3
pp in 1999-2000, narrowed to —3.0 pp in 2015-2016, and stood at —2.1 pp in 2017-2018.

Table 3.1: Crude Obesity Prevalence by Measure, U.S. Adults, NHANES 1999-2018

BMI > 30 DXA BF%“ Waist Circ.?

Survey Cycle Prev. (%) 95% CI  Prev. (%) 95% CI  Prev. (%) 95% CI
1999-2000 29.9 (27.0, 32.8) 40.4 (37.2, 43.6) 46.2 (41.9, 50.6)
20012002 30.1  (27.9,32.2) 370  (35.0,39.1) 482  (46.4, 50.0)
2003—-2004 32.0 (29.7, 34.3) 40.8 (38.5, 43.1) 52.8 (50.3, 55.3)
20052006 352 (31.8,38.6) 380  (34.8,41.1) 511  (47.2, 54.9)
2007-2008 33.7 (31.4, 35.9) 38.5 (36.0, 41.0) 53.5 (50.8, 56.2)
20092010 358  (34.0,37.6) 392  (36.7,41.7) 543 (516, 57.1)
20112012 351 (324,37.8) 354 (324,383) 556 (5.9, 59.3)
20132014 37.9  (36.2,39.6)  39.0  (37.4,40.6)  57.3  (56.0, 58.7)
2015-2016 39.8 (36.8, 42.8) 38.5 (35.0, 42.0) 59.7 (55.4, 64.0)
2017-2018 427 (39.3,46.0) 413 (38.2,44.3)  60.6  (57.3, 63.8)
Change (pp) +12.8 +0.9 +14.3

@ DXA body fat percentage: >30% (men), >42% (women). Values for 1999-2006 use multiply
imputed measurements; 2007-2010 use ML-predicted measurements.

b Waist circumference: >102cm (men), >88cm (women).

Survey-weighted estimates with 95% confidence intervals, using Rubin’s rules for cycles with
multiple imputations.
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BMI-DXA Obesity Gap by Sex, 1999-2017

The gap reversed for women (BMI now overestimates); men remain systematic underestimates
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Positive values: BMI obesity rate exceeds DXA obesity rate (BMI overestimates).
Negative values: DXA obesity rate exceeds BMI obesity rate (BMI underestimates).

Figure 3.5: Decomposing the BMI- and DXA-obesity prevalence gap by sex shows a divergence
between men and women. Convergence is an artifact — BMI consistently underestimates
obesity relative to DXA for men over the entire period, but for women, the gap reverses.
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Parallel Decomposition: BMI and DXA Obesity Trends

BMI driven by within—stratum rate increases; DXA composition and rate effects partially cancel
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Composition effect: change in prevalence attributable to shifting demographic structure.
Rate-change effect: change attributable to shifts in within—stratum obesity rates.
Solid lines = BMI; dashed lines = DXA.

Figure 3.6: Changes to both BMI and DXA trends are driven by rate changes, not composition
effects

accounting for complex survey design and multiple imputation. Table 3.2 reports the estimated
linear trend for each measure and Table 3.3 reports the pairwise slope equality tests.

BMI-based and WC-based obesity exhibited statistically significant positive trends, while
DXA-based obesity showed no significant increase (Table 3.2). BMI-based obesity increased
at +0.33% per year (95% CI: 0.25-0.41, p < 0.001), WC-based obesity at +0.37% per year
(95% CI: 0.28-0.47, p < 0.001), and DXA-based obesity at +0.01% per year (95% CI: —0.07
to +0.09, p = 0.864). The DXA trend was statistically indistinguishable from zero, in sharp
contrast to both anthropometric measures.

Pairwise slope tests confirmed that these differences were statistically significant. The BMI
trend exceeded the DXA trend by +0.31% per year (95% CI: 0.25-0.37, t = 10.57, p < 0.001),
and the WC trend exceeded the DXA trend by +0.33% per year (95% CI: 0.26-0.39, t = 10.10,
p < 0.001). By contrast, the BMI and WC trends were statistically indistinguishable from

each other (slope difference = —0.05% per year, t = —1.66, p = 0.098). These results indicate
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that anthropometric indicators of obesity (BMI and WC) rose in parallel over 1999-2017,

while direct adiposity measurement via DXA showed no significant change.

Table 3.2: Linear Trend in Obesity Prevalence by Measure, NHANES, 1999-2017

Measure Slope (%/2-yr) Slope (%/yr) 95% CI (%/yr) ¢t  p-value
BMI (>30) +0.66 +0.33 (0.25, 0.41) 8.05 <0.001
DXA body fat® +0.01 +0.01 (—0.07, 0.09) 0.17 0.864
Waist circ.? 0.74 +0.37 (0.28, 0.47)  7.71 <0.001

Slopes estimated via survey-weighted linear probability model (svyglm, Gaussian family) with
year — 1999 as the continuous predictor. DXA estimates combine 5 imputations via Rubin’s
rules with Barnard-Rubin degrees-of-freedom correction.

@ >30% body fat (men), >42% (women).

® >102cm (men), >88 cm (women).

Table 3.3: Pairwise Tests of Equal Linear Trend, NHANES 1999-2017

Comparison Slope Equality Overall Equality®

Diff. (%/yr) 95% CI p-value F df p-value
BMI vs. DXA +0.31 (0.25, 0.37) <0.001 1084 (2, 1356) <0.001
BMI vs. WC —0.05 (—0.10, 0.00) 0.098 15182 (2, 152) <0.001
DXA vs. WC —0.33 (—0.39, —0.26) <0.001 740.9 (2, 1507) <0.001

Slope difference = trend in (measure A — measure B) per year. Positive values indicate measure
A is rising faster; negative values indicate measure B is rising faster.

¢ Joint Wald F-test of Hy: intercept = 0 and slope = 0 (i.e., measures are equal at all time
points). The overall test is significant for BMI vs. WC despite the non-significant slope test
because BMI and WC have substantially different baseline prevalences (BMI — WC = —18.1 %
in 1999, p < 0.001).

3.4.3 Stratum-Specific Contributions to the BMI-DXA Gap

Table 3.4 decomposes the aggregate BMI-DXA gap in 2017-2018 into contributions from 30
demographic strata. The total gap in 2017-2018 was —2.1 percentage points under the stratum-
weighted decomposition framework. Because some strata exhibit BMI overestimation (positive
dqt) that partially offsets strata with BMI underestimation, individual stratum contributions
may exceed the aggregate gap in absolute magnitude. The largest contributor to BMI

underestimation was older non-Hispanic White men aged 60" (7, = 14.0%, 04 = —26.6 %,
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Cyt = —3.73%). The second largest was older Hispanic men aged 60" (Cy = —1.29%),
followed by older non-Hispanic Asian men aged 60" (Cy = —0.57 %) and older non-Hispanic
Black men aged 607 (Cy = —0.45%).

Among strata exhibiting BMI overestimation (positive d,4), the largest positive contribu-
tion came from young non-Hispanic White women aged 20-39 (d,; = +14.3%, C,pe = +1.13%),
followed by young non-Hispanic Black women (0, = +22.5%, Cy = +0.47 %), middle-aged
non-Hispanic White men 40-59 (Cy, = +0.46 %), and middle-aged non-Hispanic White women
40-59 (Cy = +0.41%). These positive contributions substantially offset the predominantly
negative contributions from older men, so that the aggregate gap is considerably smaller than
any single large stratum contribution.

The largest within-stratum discrepancy was observed among older non-Hispanic Asian
men aged 60", where BMI underestimated obesity by 47.0 percentage points relative to DXA
(0g = —47.0%). In contrast, among young non-Hispanic Black women aged 20-39, BMI
overestimated obesity by 22.5 percentage points relative to DXA (6, = +22.5%). This 70
percentage point range in measurement error across strata underscores the inadequacy of

applying a uniform BMI cutoff across heterogeneous populations.

3.4.4 Demographic Decomposition of BMI and DXA Trends

Table 3.5 presents the decomposition of BMI-based obesity prevalence changes into
demographic composition effects and rate effects. Of the 12.8 percentage point increase
in BMI-based obesity from 1999 to 2017, only —0.4 % (-2.7%) is attributable to changes
in population composition (aging and racial /ethnic diversification). The remaining 13.2 %
(102.7%) reflects changes in stratum-specific obesity rates.

The counterfactual prevalence series, which holds 1999 demographic composition constant
while allowing stratum-specific rates to evolve, yields a 2017 BMI-based obesity prevalence of
42.8% compared to the observed 42.4%. This near-equivalence demonstrates that demographic

compositional change had negligible impact on aggregate BMI-based obesity trends over
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Table 3.4: Top 10 Demographic Strata Contributing to Aggregate BMI-DXA Gap, 2017-2018

Stratum Pop. Share Ogt Cyt  Sign
(%) (%) (%)
60* | Male | NH White 140  -26.6 -373 -
60" | Male | Hispanic 4.0 -324 -129 —
20-39 | Female | NH White 7.9 +14.3 +1.13  +
60+ | Male | NH Asian 1.2 —470 —057 -
20-39 | Female | NH Black 2.1 +22.5 +047 +
40-59 | Male | NH White 8.2 +5.6 +0.46  +
60" | Male | NH Black 2.8 -16.3 —0.45 —
40-59 | Female | NH White 8.3 +5.0 +0.41 +
20-39 | Female | Hispanic 2.9 +12.2 4035 +
20-39 | Male | Hispanic 3.1 +9.6  +0.30 +
All other strata (20) 42.9 - +0.83 +
Total (30 strata) 100.0 - —2.09

@ gt = O];}MI — OgXA (stratum-specific BMI-DXA gap). Negative values indicate BMI underes-

timates obesity relative to DXA in that stratum.

b Cgt = Tg X 0g¢ (contribution to aggregate gap). Individual contributions sum to the aggregate
gap of —2.09 %. Because positive contributions (BMI overestimates) partially offset negative
contributions (BMI underestimates), some stratum contributions exceed the aggregate gap in

absolute magnitude. NH = Non-Hispanic.
Strata ranked by absolute contribution magnitude.
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this period. The composition effect varied modestly across cycles, ranging from —0.09 % in

2005-2006 and 2009-2010 to +0.37 % in 2011-2012, never accounting for more than 6.5% of

the cumulative change in any cycle.

Table 3.5: Decomposition of BMI-Based Obesity Prevalence Changes, 1999-2017

BMI Prevalence (%)

Change from 1999 (%)

Survey Cycle Observed CF (Fixed Pop.)* Total Composition® % Composition
1999-2000 29.6 29.6 0.0 0.0 -
2001-2002 29.5 29.5 —0.2 —0.0 21.6
2003-2004 31.1 31.0 +1.5 +0.1 5.8
2005-2006 35.7 35.7 +6.0 —0.1 —-1.3
2007-2008 33.4 33.4 +3.8 +0.0 0.6
2009-2010 35.9 36.0 +6.3 —0.1 —-14
2011-2012 35.3 35.0 +5.7 +0.4 6.5
2013-2014 37.8 37.8 +8.2 +0.0 0.3
2015-2016 39.7 39.6 +10.1 +0.1 1.3
2017-2018 42.4 42.8 +12.8 —-04 —2.7

@ Counterfactual (CF) prevalence holding population structure fixed at 1999 distribution.

b Composition effect = Observed — Counterfactual. Negative values indicate demographic shifts
slightly reduced BMI-based prevalence relative to within-group rate changes alone.

Population structure defined by 30 demographic strata: 3 age groups (20-39, 40-59, 607) x 2
sexes X 5 race/ethnicity categories. Pre-2011 cycles used 24 strata due to smaller sample sizes.

3.5 Discussion

3.5.1 Limitations

Several limitations delineate the scope of the findings described above. First, the recovery

of a consistent DXA time series relies on an imputation strategy that assumes the multivariate

relationship between anthropometrics (BMI, waist circumference), demographic covariates,

and true body fat percentage remained stationary between the 1999-2004 training period

and the 2007-2018 estimation period. If the underlying mapping of lean-to-fat mass shifted

fundamentally over these two decades, the imputed estimates for the 60% cohort in later

cycles could contain structural bias. However, given the model’s flexibility and the sheer
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magnitude of the observed BMI-DXA gap across fully observed strata, it is highly improbable
that a gradual drift in anthropometric mapping could account for the near-total divergence
in the aggregate trends.

Second, while this paper demonstrates a profound decoupling of aggregate adiposity
from BMI, it stops short of causal epidemiological modeling regarding the concurrent rise in
cardiometabolic morbidities or other health outcomes. As noted, rates of type 2 diabetes and
cardiovascular disease did increase over this period. By demonstrating that the prevalence
in obesity according to directly measured adiposity is not rising in the aggregate and
actually declining among women, this analysis does not contest the observation of worsening
health outcomes, but rather problematizes the causal vector. The scope of this paper does
not adjudicate alternative mechanisms; however, the findings strongly suggest that future
population health research must investigate whether observed morbidity and mortality trends
are driven by upstream environmental determinants (e.g., diet quality, built environment,
social stigma) independent of adiposity, or by the biomechanical and metabolic consequences
of weight-bearing load (which BMI captures) rather than fat mass.

Finally, identifying the massive structural heterogeneities in measurement error across
race, age, and sex highlights BMI’s limitations as a biological proxy, but a full accounting of
how this specific metric became entrenched as an administrative and clinical infrastructure
falls outside the scope of this demographic analysis. The 70-percentage-point swing in
measurement error between older Asian men and young Black women underscores that
standard BMI cutoffs operate as a structurally racialized and gendered classification system.
Tracing how a proxy with such varied validity continues to dictate public health surveillance
and resource allocation remains an important task for the sociology of science and critical

algorithm studies.
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3.5.2 Conclusion

This paper makes four interrelated contributions that correspond to the empirical and
conceptual threads discussed throughout. First, it provides direct population-level evidence
on the construct validity of BMI as a measure of adiposity, extending individual-level critiques
to a national population trend analysis. Second, it complicates the demographic literature on
racial, gender and age disparities in obesity by showing that the measurement error BMI
introduces is not uniform across groups, raising the possibility that apparent changes in group
gaps partly reflect a shifting measurement artifact. Third, it subjects the “obesity epidemic”
narrative to empirical scrutiny using the biological construct that narrative presupposes,
finding that the increasing trend in obesity is at most conflicted and at least considerably more
ambiguous than BMI-based surveillance implies. Fourth, it closes the specific gap identified
in recent work by providing a full 1999-2017 trend analysis, including for adults aged 60+,
with formal decomposition of the sources of BMI-DXA divergence across demographic strata.

How we measure obesity determines what we observe. BMI-based surveillance told one
story since 1999: a sustained rise in obesity prevalence that became the empirical backbone of
a widespread moral panic (Campos, 2004; Gard and Wright, 2005; Saguy, 2013). Measuring
total body fat directly with DXA scans — the closest available proxy to the biological construct
that panic presupposes — tells a different story. By the stricter standard of direct adiposity
measurement, obesity prevalence was not statistically distinguishable between 1999 and 2017.

The finding that BMI and DXA diverge so substantially at the population level extends the
individual-level construct validity literature in an important direction. Prior work established
that BMI misclassifies individual-level adiposity at non-trivial rates, with error that varies
systematically across demographic groups Romero-Corral et al. (2008); Stanford et al. (2019);
Jeong et al. (2023). The concern raised here is distinct: individual measurement error need
not aggregate into valid population-level inference (Salerno et al., 2025), and the present
results confirm that it does not. The subgroup decomposition reveals that “obesity", as

operationalized by BMI thresholds, is not a single construct applied consistently across the
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population but rather an average over meaningful variation, laundered by aggregate prevalence
figures. The same cutoff that fails to detect adiposity in a 65-year-old man overestimates
it in a 25-year-old woman, and the structural errors are growing wider over time in both
directions.

Taken together, these findings carry direct implications for the demographic literature
that uses BMI-defined obesity to decompose racial and socioeconomic disparities. Work
in this tradition treats BMI as a reliable proxy for excess adiposity: the underlying health
construct of interest. Because BMI-DXA obesity gap has widened at different rates across
race, sex and age groups over time, the apparent changes in group disparities in existing
research may be confounded by measurement error rather than capturing genuine convergence
or divergence in population adiposity. Johnston and Lee (2011) noted that the choice between
BMI and waist-to-hip ratio materially affected estimates of the Black—White obesity gap’s
magnitude. The present results suggest the problem is even more pervasive and structurally
heterogeneous than any single comparison of two anthropometric measures implies.

The direct-standardization decomposition sharpens the picture on the epidemic claim
considerably. Nearly the entire 12.8 percentage-point rise in BMI-based obesity between 1999
and 2017 is attributable to within-stratum rate changes — increasing BMI obesity within every
age, sex, and race/ethnicity cell simultaneously — while shifts in demographic composition
contributed very little. The rise is therefore “real” in the sense of being uncontaminated
by demographic change; the question is what, within each group, it is actually measuring.
Within the same demographic cells that saw rising BMI prevalence, DXA-based body fat
obesity did not rise in parallel — in most female strata it fell — while waist circumference rose
nearly in lockstep with BMI. This three-way divergence (BMI 1, WC 1, DXA —) is consistent
with a redistribution of body fat from peripheral subcutaneous to central visceral deposits, a
mechanism that would leave total body fat percentage unchanged while increasing abdominal
adiposity and, if anything, worsening cardiometabolic risk — a finding with implications for

which constructs future surveillance should prioritize. This pattern has gone undetected
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in BMI-based international surveillance: a recent cross-national analysis finds that obesity
growth has plateaued in high-income countries (NCD Risk Factor Collaboration (NCD-RisC),
2026), but the present results suggest that even a “plateau” may overstate adiposity trends
when the outcome is measured directly.

Even the aggregate stability of DXA-based obesity prevalence conceals meaningful un-
derlying change. The decomposition of DXA-based prevalence shows that a flat aggregate
trajectory is a statistical artifact produced by offsetting forces: population aging places
upward pressure on adiposity while within-stratum DXA rates have declined across much of
the population, most notably among women. The “obesity epidemic,” when understood as a
trend in excess body fat rather than body mass index, is thus not a uniform population-wide
phenomenon but a gender-differentiated process — one that may have directed attention and
resources toward groups whose adiposity was in fact declining.

The temporal narrative is particularly vulnerable to this critique. The finding that
aggregate DXA-based obesity prevalence was statistically flat from 1999 to 2017 — the precise
period in which BMI-based surveillance anchored claims of an accelerating American epidemic
— illustrates that the trend we measure depends substantially on the instrument we choose
to measure it with. A construct that means different things in different bodies, that tracks
body fat only loosely and inconsistently across demographic groups, and whose trend diverges
from direct adiposity measurement over the very period in which it anchored a public health
epidemic, is a fragile foundation for the policy, clinical, and social apparatus built upon it.

These results do not imply that population health has improved, nor that excess adiposity
is irrelevant to health outcomes. Rather, they suggest that measurement deserves to be treated
as an empirical question rather than a background assumption. Where possible, researchers
should triangulate across multiple conceptually aligned indicators — distinguishing total
adiposity, fat distribution, and body mass — and evaluate how alternative operationalizations
alter substantive conclusions. Trends should be examined within demographic strata rather

than inferred from aggregate patterns that may conceal offsetting dynamics. For surveillance
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and policy, BMI may retain utility as a simple screening tool or index of weight-bearing burden,
but it should not be assumed to provide a stable measure of adiposity across populations
or over time. The broader implication is not to replace one metric with another, but to ask
more precisely what is being measured and why — and to recognize that the answer may differ

by group, by era, and by the question being posed.

3.6 Acknowledgements

I thank Amy Wang for excellent research assistance. I am grateful for the helpful assistance
and comments received from Sasha Johfre, Tyler McCormick, Emilio Zagheni, Sarah Quinn,
and participants of the reading groups at UW Sociology. I gratefully acknowledge the
resources provided by the International Max Planck Research School for Population, Health
and Data Science (IMPRS-PHDS). Partial support for this research came from a Shanahan
Endowment Fellowship and a Eunice Kennedy Shriver National Institute of Child Health and
Human Development training grant, T32 HD101442, to the Center for Studies in Demography
& Ecology at the University of Washington. The content is solely the responsibility of the
authors and does not necessarily represent the official views of the National Institutes of
Health. Additional support for this research came from support to CSDE from the College
of Arts & Sciences, the UW Provost, eSciences Institute, the Evans School of Public Policy
& Governance, College of Built Environment, School of Public Health, the Foster School of

Business, and the School of Social Work.

3.7 Reproducibility and Data Availability

All data used for this study are publicly available for download from the CDC
(https://wwwn.cde.gov /nchs /nhanes/default.aspx) and
(https:/ /wonder.cdc.gov /bridged-race-v2020.html).

Notes
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1. For detailed description of the machine learning imputation, please see Appendix 3.8.1.

2. Code to reproduce my analysis is available at github.com /avisokay /obesity trends.


https://github.com/avisokay/obesity_trends
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3.8 Chapter Appendix

3.8.1 Machine Learning Model Performance

Model specification. DXA body fat percentage was predicted using a gradient-boosted
tree model (XGBoost) trained on the NCHS multiply imputed 1999-2004 NHANES data
(Schenker et al., 2011). The model was specified with the following hyperparameters, held
fixed across all imputation methods to allow clean comparisons: learning rate n = 0.05,
maximum tree depth of 6, subsampling fraction of 0.8, column subsampling fraction of 0.8,
and minimum child weight of 5. The number of boosting rounds was selected by five-fold
cross-validation with early stopping (patience = 30 rounds) up to a maximum of 1,000
rounds; cross-validation selected the full 1,000 rounds. Training observations were assigned

heterogeneous weights

1
Wi X —5——
SEg(Z) +c
derived from published NCHS standard errors stratified by sex and BMI category (Schenker
et al., 2011) with ¢ = 0.01; Table 3.6 reports the resulting SE and weight for each cell. Weights
span a 7.5-fold range, from 3.44 for under-weight males (BMI < 20) to 25.71 for normal-
range males and females (BMI 25-< 30), reflecting substantially higher NCHS imputation

uncertainty at the tails of the BMI distribution.

Training performance and imputation uncertainty. The weighted model achieved
a training RMSE of 1.83 percentage points with negligible mean bias (< 0.001 %), and a
residual standard deviation of 1.83 % that was used as the noise scale for generating the five
imputation draws. Between-imputation variability for predicted respondents had a mean SD
of 1.71 % (median 1.67 %; 95th percentile 2.81 %), consistent with appropriate propagation

of prediction uncertainty through the five completed datasets and Rubin’s rules combination.
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Table 3.6: NCHS-Derived Training Weights by Sex and BMI Category

Sex BMI Category NCHS SE (%) Training Weight

Male <20 0.53 3.44
Male 20—-<25 0.25 13.79
Male 25-<30 0.17 25.71
Male 30—<35 0.18 23.58
Male 35-<40 0.30 10.00
Male 40+ 0.50 3.85
Female < 20 0.52 3.57
Female 20-<25 0.26 12.89
Female 25-<30 0.17 25.71
Female 30-<35 0.19 21.69
Female 35-<40 0.28 11.31
Female 40+ 0.31 9.43

Note: SE is the published standard error of the NCHS multiply imputed mean body fat percentage

for each sex x BMI category cell (Schenker et al., 2011). Training weight w; oc 1/(SE? + 0.01);

weights span a 7.5-fold range.

Alternative imputation strategies. Three additional imputation strategies were evalu-
ated prior to adopting the NCHS-weighted approach. First, I trained an XGBoost model
without weights on the full 1999-2006 NCHS multiple imputation data with pooled Gaussian
residual noise. This model achieved an overall out-of-sample test RMSE of 3.01 percentage
points (2.86 % on the imputed-data test partition). A calibrated bootstrap variant used 50
XGBoost replicates trained on bootstrap samples of the 1999-2006 data, with imputation
noise drawn from stratum-specific (sex x age X race/ethnicity) residual distributions anchored
to 2011-2018 observed DXA. A third variant explored ridge regression, which performed
substantially worse (test RMSE ~11.9 %) and was not used further.

To assess sensitivity, predictions from the weighted model (Method 4) were compared
against those from the calibrated bootstrap model (Method 3) for the overlapping set of
respondents requiring imputation. The two methods correlated at » = 0.948 with a mean
difference of 0.26 percentage points (Method 4 minus Method 3), and produced near-identical
distributions of imputed body fat percentage (Method 3: 33.1+7.3%; Method 4: 33.3+7.0%).

All substantive prevalence estimates and trend findings in this paper are unchanged when
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Method 3 is substituted for Method 4.

3.8.2 ML Robustness Checks

Trend Attenuation. The primary concern with regression-to-the-mean in an out-of-sample
prediction is that the model compresses time trends toward the training-era average, artificially
flattening any “true" rise during the out of sample period. To test for attenuation, I exploit
the 2011-2017 overlap window where adults 20-59 years of age have both observed DXA
values and a model prediction for the same person. I compare the two slopes using weighted
least-squares linear trends in DXA obesity prevalence fit separately for the observed and
predicted series over 2011-2017, weighting by the inverse squared standard error of each
prevalence estimate. Attenuation would manifest in a predicted slope flatter than the observed
slope: a miscalibrated model compressing a “true" rise towards zero. Instead, I find the
observed slope for these years was 0.22pp/yr (flat, p=0.86) while the predicted slope (based
on the model trained on 1999-2004 data) was 1.96pp/yr (rising, p=0.034). The headline
aggregate finding DXA trend is therefore if anything biased upward. In other words, the

“true" DXA would look even flatter if the prediction model was unbiased.

Observed-only replication. The paper’s central claim — that DXA-based obesity preva-
lence was statistically flat over 1999-2017 while BMI rose 12.8 percentage points — rests partly
on imputed body fat estimates. DXA scans were not collected in 2007-2010 (any age) or
for adults aged 60 and older in 2011-2017; the 1999-2004 values derive from NCHS multiple
imputation rather than direct measurement. For a test of robustness I exclude all imputed
values, restricting to adults aged 20-59 in cycles 2011-2017 using only directly observed DXA
measurements (n = 10,864). The BMI obesity slope is 0.87 pp/yr (95% CI: 0.16 to 1.58,
p = 0.034) while the DXA obesity slope is 0.22 pp/yr (95% CI: —1.74 to 2.18, p = 0.68). That
is to say, the BMI-DXA divergence is present without any model predictions, any multiple

imputation, or any data from outside the directly measured window. Over the four observed
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cycles, BMI obesity rose approximately 4.83 pp while DXA obesity showed no statistically

significant increase.



3.8.3 Figures

69



Population Share (%)

Population Share Trends for Groups with Largest Changes
Top 6 subgroups ranked by absolute change in population proportion (1999-2017)
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Source: NHANES 1999-2022 and U.S. Census population estimates.
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Obesity Trends for Subgroups with Largest BMI Rate Changes
Top 6 subgroups ranked by absolute change in BMI obesity prevalence (1999-2017)

40-59 | Female | Other Race - Including Multi-Racial 40-59 | Male | Non-Hispanic Black
20-39 | Male | Other Race — Including Multi-Racial 60+ | Female | Other Race - Including Multi-Racial

100%
75%

50%

25%

0%

20-39 | Male | Hispanic 40-59 | Male | Hispanic
1999 2005 2011 2017 1999 2005 2011 2017

Year

Measure u BMI =O= DXA

Source: NHANES 1999-2018. Survey-weighted estimates.
DXA values for 1999-2006 are multiply imputed; 2007-2010 are multiply ML—predicted.
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Obesity Trends for Subgroups with Largest DXA Rate Changes
Top 6 subgroups ranked by absolute change in DXA obesity prevalence (1999-2017)

60+ | Female | Other Race - Including Multi-Racial 60+ | Male | Hispanic
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Measure =O= BMI =O= DXA

Source: NHANES 1999-2018. Survey-weighted estimates
DXA values for 1999-2006 are multiply imputed; 2007-2010 are multiply ML-predicted.
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Obesity Trends for Subgroups with Largest Population Share Changes

Top 6 subgroups ranked by absolute change in population proportion (1999-2017)
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Source: NHANES 1999-2018. Survey-weighted estimates.
DXA values for 1999-2006 are multiply imputed; 2007-2010 are multiply ML-predicted.
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Chapter 4

From Narratives to Numbers: Valid Inference Using Language

Model Predictions From Verbal Autopsy Narratives

Shuxian Fan*, Adam Visokay*, Kentaro Hoffman, Stephen Salerno, Li Liu, Jeffrey T. Leek,
Tyler H. McCormick. 2024. In Proceedings of the First Conference on Language Modeling.
COLM 2024, Philadelphia, Pennsylvania.

Abstract. In settings where most deaths occur outside the healthcare system, verbal
autopsies (VAs) are a common tool to monitor trends in causes of death (COD). VAs are
interviews with a surviving caregiver or relative that are used to predict the decedent’s
COD. Turning VAs into actionable insights for researchers and policymakers requires two
steps (i) predicting likely COD using the VA interview and (ii) performing inference with
predicted CODs (e.g. modeling the breakdown of causes by demographic factors using a
sample of deaths). In this paper, we develop a method for valid inference using outcomes (in
our case COD) predicted from free-form text using state-of-the-art NLP techniques. This
method, which we call multiPPI++, extends recent work in “prediction-powered inference”
to multinomial classification. We leverage a suite of NLP techniques for COD prediction
and, through empirical analysis of VA data, demonstrate the effectiveness of our approach in
handling transportability issues. multiPPI++ recovers ground truth estimates, regardless of
which NLP model produced predictions and regardless of whether they were produced by a
more accurate predictor like GPT-4-32k or a less accurate predictor like KNN. Our findings

demonstrate the practical importance of inference correction for public health decision-making

I6)
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and suggests that if inference tasks are the end goal, having a small amount of contextually

relevant, high quality labeled data is essential regardless of the NLP algorithm.

4.1 Introduction

Verbal Autopsies (VAs) are a pivotal tool in public health research, particularly in contexts
where access to formal medical records is limited (Soleman et al., 2006; Thomas et al., 2018).
VA serves as a method to ascertain causes of death (COD) by collecting information from
relatives or witnesses in circumstances necessitated by resource constraints, remote locations,
or inadequate healthcare infrastructure (Baqui et al., 2006; Byass et al., 2012; Wahab et al.,
2017; Blanco et al., 2021).VA interviews include a structured yes/no questionnaire and an
open text narrative where the interviewees provide additional information about the illness
or death in their own words.

After the interview, a COD is assigned either by clinician review or, more commonly, by
using statistical algorithms. Finally, since financial and logistical constraints prevent VAs
from being performed on all deaths, researchers and policymakers use statistical tools to
summarize patterns in COD (e.g. the breakdown of infectious disease deaths by age, race,
sex, etc).

We propose a method for valid inference using the open text VA narratives, summarized
in Figure 4.1. To do this, we address two pressing challenges. First, we use text narratives
exclusively to classify COD. Structured VA interviews are long (typically around an hour) and
emotionally taxing for respondents (Surek-Clark, 2020). Narratives provide an opportunity
for respondents to describe the circumstances around the death of someone they knew well in
their own words, without needing to translate clinical jargon or answer irrelevant questions.
Using narratives alone could also dramatically reduce the length of the interview, both

minimizing impact on the respondent and allowing enumerators to collect more VAs. Recent

work (Danso et al., 2013; Blanco et al., 2021; Manaka et al., 2022; Cejudo et al., 2023) has
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begun exploring the potential of natural language processing (NLP) for COD classification in
VA. Our work furthers this discussion by leveraging state-of-the-art NLP tools. Also, unlike
prior NLP work which focuses on predictive performance (Naradowsky et al., 2012; Liu et al.,
2019; Ye et al., 2021; Peskoff and Stewart, 2023), our goal is to utilize these predictions in
statistical inference to understand patterns in COD.

Second, we propose a method for inference that corrects for misclassification in CODs
predicted by NLP. Training and evaluating COD prediction algorithms is extremely challenging
(Murray et al., 2011; Fottrell and Byass, 2010; Murray et al., 2014; Clark et al., 2018; Li et al.,
2020), in part because building training sets with reliably labeled CODs is taxing. Clinicians
could review VAs and assign causes, but this diverts critical resources from patient care and,
since most deaths occur outside healthcare facilities, a physical autopsy is impossible. Hence,
it is appealing to create a larger training set by combining the limited number of labeled VAs
in one domain with other labeled VAs from different domains (e.g. locations). However, the
diversity of cultural practices, linguistic nuances, and variations in interview techniques (not
to mention potential biological factors) means that an algorithm trained on labeled VAs in one
context may perform poorly in another. Our inferential methods must account for additional
uncertainty that arises when most COD labels are predicted, not known. We also need to
adjust for transportability so that VAs labeled in other contexts can be incorporated effectively
into the training set. To do this, we extend prediction-powered inference (PPI++; Angelopoulos
et al., 2023a,b) to settings of multinomial classification, showcasing its adaptability to a
broader range of prediction problems. We propose an estimator, called multiPPI++, used
to draw valid statistical inference using predictions from any arbitrary black-box machine

learning model given access to a small subset of ground truth labels for multinomial data.
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The Workflow for Valid Inference Using multiPPI++ for VA Narratives.

Labeled Dataset Unlabeled Dataset
4 A—? 4 A—?
o El = o | T
8 o S8 =
Verbal Factors of Verbal Factors of
Autopsy Scientific Autopsy Scientific

Cause-of-Death Narrative Interest Cause-of-Death Narrative Interest
Prediction Model
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Cause of Death Correction Cause of Death Parameter of
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True
Cause of Death
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Corrected Correction Parameter of
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Figure 4.1: Overview of multiPPI++ correction. Ground truth labels and predicted labels
are used separately to perform the same inference task in Domain A. We use the difference
between these estimates as a correction factor in Domain B where ground truth labels are
not available.

4.2 Population Health Metrics Research Consortium Nar-

ratives

The Population Health Metrics Research Consortium (PHMRC) dataset was collected
in 2005 to provide a high quality, standardized dataset that includes ground truth COD
labels from traditional autopsies, structured questionnaire responses, and free-text open
narrative responses (Murray et al., 2011). It is one of a very small number of VA datasets
with clinically validated causes. These data were curated from six sites across four countries:
(Andhra Pradesh and Uttar Pradesh, India; Bohol, Philippines; Dar es Salaam and Pemba
Island, Tanzania; and Mezico City, Mexico). An example PHMRC narrative follows: “the
deceased had been burnt and had lost mental balance and died within 1.5 hours of the accident”

(Ground Truth from Traditional Autopsy: Fires).
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We focus our analysis on adult deaths, excluding those under 12 years of age, in the de-
identified narratives released in Flaxman et al. (2018). CODs are categorized into five broader
groups: non-communicable diseases, communicable diseases, external causes, maternal causes,
and AIDS or tuberculosis (AIDs-TB), based on International Classification of Diseases Tenth
Revision (ICD-10) codes (McCormick et al., 2016). See Appendix 4.6.1 for the full mapping
from ICD-10 codes to COD labels.

Under these five broad classes, there still remains considerable heterogeneity in the COD
distribution between sites. Figure 4.2 illustrates this phenomenon. While “non-communicable”
diseases (e.g., various cancers, COPD, stroke) are the most common COD across all six sites,
the second most common cause is site-specific. Namely, two sites identify communicable
diseases (e.g., malaria, pneumonia) as the second most common COD, while external causes
(e.g., suicide, homicide, traffic accidents) are reported in three sites and AIDs-TB in one site.
In addition, the difference in rates between the first and second most common CODs varies
considerably, with, for example, a 5:4 ratio in Pemba versus a 6:1 ratio in Mexico.

These observations suggest that while information from one site may provide some insights
into another, caution is warranted when extrapolating NLP model performance from one
location to all others. In practice, this lack of transportability between sites poses a significant
public health challenge and is well-documented in the VA literature on predicting COD
(e.g., see McCormick et al., 2016). However, without a means of addressing this issue for
downstream statistical inference, it may be necessary to establish COD data collection systems
at each new site of interest, an endeavor that would likely prove prohibitively expensive. We

address this explicitly in Section 4.3.2.
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Figure 4.2: While non-communicable disease is the most common COD in each site, relative
prevalence of each COD varies considerably.

4.3 Proposed Analytic Workflow

4.3.1 NLP for VA Narratives

The first aim of this work is to assess the predictive performance of contemporary NLP
methods for classifying COD from free-text narratives, rather than structured interviews. To
predict COD from the free-text narratives, we analyze a range of NLP techniques, including
various methods based on a bag-of-words (BoW) representation and more sophisticated
pre-trained models such as Bidirectional Encoder Representations from Transformers (BERT;
Devlin et al., 2018) and large language models (LLMs) such as the recently popular Generative
Pre-trained Transformer (GPT model; Lai et al., 2023).

To generate BoW representations of VA narratives, we employed scikit-learn’s CountVectorizer,
LabelEncoder, and TfidfVectorizer (Kramer, 2016; Pedregosa et al., 2011), as well as
nltk’s word_tokenize (Millstein, 2020) for data pre-processing. After processing, the initial

token count of 556, 713 was reduced to 218, 804. We then applied three supervised classifiers to
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predict COD using the BoW representations and ground truth cause of death labels: Support
Vector Machine (SVM), K Nearest Neighbors (KNN), and Naive Bayes (NB). SVM was
implemented with a third-degree linear kernel and C' = 1.0, while KNN used cosine distance
and 9 nearest neighbors, chosen by incrementing from K = 3 until accuracy saturation. The
BERT gask encoder was configured with five transformer layers, to include two input layers
of size 256, a main layer of size 768, an intermediate layer of size 512, and a fine-tuning
output layer of size 5. As the VA narratives in our data were de-identified, we were able to
further assess the predictive performance of OpenAl’s GPT models (GPT-3.5, GPT-3.5-turbo,
GPT-4, and GPT-4-32K Biswas, 2023). After exploratory study, we selected GPT-4-32K for
its larger context window. We used a zero-shot prompt (see Figure 4.3) with a temperature
set to zero for all tasks. For all of the methods, we split the data into an 80% training set
and 20% testing set, where we held out the true COD labels in the testing set to assess each
method’s predictive accuracy and Fl-score. For BERT g45g, training was conducted over
two epochs.

We faced a series of challenges in engineering the LM prompt, namely, coercing the LM
to consistently return outputs constrained to our exact list of output classes [communicable,
non-communicable, external, maternal, aids-tb]. Earlier iterations of the prompt yielded
responses such as “the patient died due to external causes.” While perhaps semantically
correct, validating outputs such as this at scale is intractable and would require additional
steps (regex, fuzzy string matching, etc.). Instead, we found that including our desired output
classes between <option> html tags and explicitly asking the LM to return only a choice from
the list of options in the prompt improved results considerably. Future work may include few
shot prompting with select domain-specific examples or retrieval augmented generation from

a larger database of narratives.
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GPT-4 Zero-Shot Prompt Used for COD Prediction

<narrative>

Each narrative gets plugged in here

narrative>

<labels>

aids-tb: Patient died resulting from HIV-AIDs or Tuberculosis.

communicable: Patient died from a communicable disease such as pneumonia, diarrhea
or dysentery.

external: Patient died from external causes such as fires,

drowning, road traffic, falls, poisonous animals, suicide,

homicide, or other injuries.

maternal: Patient died from pregnancy or childbirth Context
including from severe bleeding, sepsis, pre-eclampsia and eclampsia.
non-communicable: Patient died from a non-communicable disease such as cirrhosis,
epilepsy, acute myocardial infarction, copd, renal failure, cancer, diabetes,

stroke, malaria, asthma.

unclassified: narrative does not contain enough information to predict cause of death.
</labels>

<options>
aids-tb,
communicable,

ternal, - : o
it <«——— Explicitly require output in this format
non-communicable,

unclassified
</options>

Which label from options best applies applies to the narrative?

If you are not sure, return your best guess. g————— |nstructions
Limit your response to one of the options exactly as it appears in the list.

Figure 4.3: The zero-shot prompt explicitly tags the VA narrative, provides minimal context
for each COD label, lists an explicit set of COD options to coerce a constrained output, and
provides direct instructions pointing to the <narrative><label><option> tags.

4.3.2 Valid Statistical Inference with multiPPI++ Correction

The second aim of this work addresses the challenge of conducting valid downstream
inference on covariates associated with predicted COD labels. As long as the NLP model is
not always 100% accurate, uncritical inference using NLP predictions will always contain
bias, which we must correct for before trusting the results. Note that while the PHMRC
dataset is complete with ground truth COD labels from traditional, physical autopsies, this
is often not practical due to resource constraints. Particularly in vulnerable areas without
healthcare infrastructure, COD is abstracted solely from VA without access to means of

verification. Recent works have shown that reifying algorithmically-derived outcomes (here,
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COD) for downstream inference can lead to biased coefficient estimates and anti-conservative
inference (Wang et al., 2020; Angelopoulos et al., 2023a,b; Miao et al., 2023; Egami et al.,
2023; Ogburn et al., 2021; Hoffman et al., 2024).

To address this, we employ a recent technique known as prediction-powered inference (PPI;
Angelopoulos et al., 2023a) and its extension, PPI++ (Angelopoulos et al., 2023b) and derive
its appropriate form in the context of multiclass logistic regression. These methods operate
by using a small subset of ground truth COD labels to rectify the coefficient estimates and
standard errors from a regression based on predicted COD labels. To that end, assume that
XiisZii);i=1,...,n},

our data are comprised of n labeled (1) observations, £ = {(Y;,, fﬁ’;,

and N wunlabeled (u) observations, U = {(f/u]ji,Xu,i, Zyi)ii =n+1,....,n+ N}, where Y
denotes the true cause of death, Y/ denotes the cause of death predicted from an NLP
function, f(Z), X denotes the covariates of interest, and Z denotes the VA text narratives.

In statistical inference, one can frame estimating statistical parameters, 6, as minimizing an

objective function of the form:

g Cround Truth — aye min Blly(X,Y)], (4.1)
feR?

where Iy : X x ) — R is a convex loss function in § € R?. In our case, the loss function
lg(X,Y) is defined as the negative log conditional likelihood of the multinomial logistic
regression. In practice, replacing the observed COD, Y, with Y/ yields what we refer to as a

Naive estimate:

OV — arg min E[ly(X, Y7)). (4.2)
fcRd

The Naive estimate relies heavily on the assumption that the NLP model’s predictions
closely resemble the true CODs.

PPI++, and our extension, multiPPI++, seeks to utilize all available information from the
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unlabeled and labeled data, by minimizing the following objective function:

037t = argmin {E[le(Xb )l +A <EU9(XU> Y] = Ells(X,, f/lf)])} ’ (4:3)

R4
where A € [0,1] is a tuning parameter which controls how much weight is placed on using
the real labels versus the predicted labels. Note that this estimator combines the ground
truth estimator from the labeled subset, which is statistically valid but may lack sufficient
sample size, with the Naive estimator, which provides additional information and data from
the unlabeled subset.

We extend the application of the PPI++ approach from its logistic regression example
to the multinomial case. Angelopoulos et al. (2023b) mention this is possible, but do not
provide details of the derivation, and their model has overparameterization issues. We instead
derive a different parameterization that avoids identifiability issues, and we complete the
derivation of PPI++ correction for multiclass logistic regression. We refer to this variant as
“multiPPI++”, where, for the multinomial classification problem with K classes and outcomes

Y; €{0,..., K — 1}, our loss function takes the form

n K-1
1
lh(X,Y) = - ZXZTHYi + log <Z eXiT9k> .
i=1 k=1

We present the multiPPI++ adjustment procedures in Algorithm 1. See Appendix 4.6.2

and 4.6.3 for complete derivations.

4.4 Inference with COD Predicted from VA Narratives

4.4.1 Experimental Setup

To study the performance of the proposed methods, we designed an experiment in which
we synthetically removed ground truth COD labels from the PHMRC dataset and replaced

them with predicted COD from the NLP methods detailed above. Specifically, for each of
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the the six sites in the PHMRC dataset, we trained the NLP methods on the other five sites
and used the resulting models to predict COD in the sixth site (see Figure 4.4).

We compared the predicted outcomes to the withheld, true outcomes for the sixth site
in terms of predicted accuracy and F1l-score. We then carried forward these predictions to
a downstream inferential model in which we regressed site-specific COD on the age of the
decedent, to illustrate the performance of the multiPPI++ estimator. For each site, we retained
20% of the labeled outcomes and replaced the remaining 80% with the NLP predictions, to
mirror the labeled and unlabeled subsets of the data necessary for the multiPPI++ approach.
We compared the results of the proposed estimator to two additional estimators: (i) the
‘ground truth’ estimator, which utilized the full set of true COD labels, and (ii) the ‘Naive’
estimator, which used only the predicted COD, treating them as if they were observed. Note
that, in many practical settings, the ground truth estimator is not feasible, but it is included
here as a point of reference. Further,

due to the variability in data between sites and the fact that the NLP model was not
trained on this particular site, we anticipate that the regression coefficients estimated using
the NLP-predicted COD will differ from those estimated using the true COD.

We exemplify one representative set of experiments in which the Uttar Pradesh site is
excluded from the NLP model training and used as the validation site to assess the NLP

models’ predictive performance and the downstream inferential results.

4.4.2 NLP Prediction Results

First, using the “leave one site out” procedure described in Figure 4.4, we trained each
NLP model to predict COD from narratives on five sites, with the sixth site reserved as
a validation set to use for assessing the methods. As evidenced by the COD distribution
displayed in Figure 2, we are dealing with considerable class imbalance within and between
sites. We address this in a sensitivity analysis (see Figures 29-54 in A.6) where we train each

model on a stratified sample with an 80,20 split for each class to ensure an equal proportion of
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“Leave One Out” Synthetic VA Transportability Experiment

Mexico (n = 1306) N Full
Yy 100% true COD
Labeled
Andhra Pradesh (n = 1144)
frain 80% NLP predicted
— _ . b predicte
Dar es Salaam (n = 1564) . Uttar Pradesh (n = 1380) Naive COD and 20% true COD
Predict
Bohol (n =1109)
MultiPPl++ Naive with MultiPPI++
Pemba (n =260) w Adjusted correction

Figure 4.4: The classic and BERT models are trained with VA narratives from five other sites
and used to predict COD from Uttar Pradesh narratives. The zero shot GPT-4 model predicts
COD without any site specific narrative fine-tuning. Ground truth, Naive and multiPPI++
corrected inference is performed using these Uttar Pradesh predictions.

training examples for each class. The results from this analysis are not substantively different
from our main results where we do not account for the class imbalance in our modeling.
Alternative resampling methods such as SMOTE, ADASYN or Tomek Links (Chawla et al.,
2002; He et al., 2008; Tomek, 1976) could be applied to correct for the imbalanced distribution
of COD. However, even in the absence of such considerations, we show that multiPPI++-
still obtains valid estimates in downstream inference using predictions from imperfect NLP
modeling. This extensibility of our approach is one of the advantages of the multiPPI++-.
We focus our subsequent analysis one representative site, Uttar Pradesh, but share results
from the other sites in the Appendix. These results for Uttar Pradesh are summarized in
Table 4.1 and Figure 4.5, which contain the four models with highest accuracy. All models
scored between 0.60-0.75 accurate, with GPT-4 yielding the highest accuracy (0.75). Fl-scores
were more uniform, with all but KNN getting F1-scores between 0.71-0.74. KNN scored 0.66.
These results seem to point at GPT-4 either being slightly better or nearly equivalent to the
other NLP methods we tested. GPT-4’s predictions matched the performance of the best
examples from the VA literature, despite using only using only the VA text narratives and
not the structured questionnaire (James et al., 2011; Murray et al., 2014; Serina et al., 2015).
A unique feature of LLMs compared to other prediction algorithms is that they have the

capacity, and in fact the tendency, to output class labels that do not exist in the ground
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Metrics BoW w/ SVM | BoW w/ KNN | BoW w/ NB | BERT GPT-4

Accuracy | 0.68 0.63 0.60 0.55 0.75
F1-Score | 0.74 0.66 0.72 0.71 0.73

Table 4.1: GPT-4 is far more accurate than competing NLP models and is among the best
in terms of Fl-score. Using only text narratives, GPT-4 performs on par with the best
predictions in the VA literature, which are produced with much richer data in the form of
structured questionnaires.

labels. In our analysis, GPT-4 predicted 1503 out of 6763 COD labels as “unclassified”. Upon
manual review, these 1503 narratives contained no useful information for COD inference.
The modal “unclassified” narrative was “the interviewee thanked the interviewer” (n=178).
While the accuracies appear similar, GPT-4 correctly identified a flaw in the data cleaning
in the PHMRC dataset, which suggest that the accuracies among the other methods may
be overinflated. For each of the combination of six sites and five NLP model, we generated
predictions and used this to generate regression coefficients.

For the sake of brevity, we present the four models with the best performance for the
Uttar Pradesh site, NB, KNN, SVM, and GPT-4. Figure 4.6 displays point estimates and

95% confidence intervals for the ground truth, Naive and multiPPI++ corrected inference.

4.4.3 Inferential Model Results

In the case of NB and SVM, which had some of the lower Fl-scores, there is a large
discrepancy between the ground truth and the predicted values, demonstrating that replacing
80% of the causes of death with predicted causes of death yields significantly different
regression coefficients for the age of the decedent. multiPPI++ correction rectifies estimates
back to baseline, demonstrating its ability to account for (i) model inaccuracy and (ii)
transportability bias. Interestingly, we observe that the Naive regression coefficients from
KNN and GPT-4 are not as distant from the ground truth as the other two methods, even

though KNN had the worst Fl-score. Figure 4.7 shows the association between F1-score and
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Figure 4.5: For VA narratives from Uttar Pradesh, most of the COD misclassifications are
assigned non-communicable COD label. Naive Bayes mostly predicts non-communicable
and achieves 0.60 accuracy in-part because non-communicable is overwhelmingly the most
common ground truth COD.

multiPPI++ A, which also fail to show any significant association. This implies that F1-score
alone may not be a good predictor of the quality of downstream statistical inference.

As for the widths of the confidence intervals, we observe that ground truth naturally had
the thinnest, as it had the largest sample size and used real data points. On the other hand, the

Naive estimate and multiPPI++ correction show similar confidence interval widths. Since the
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widths of the confidence interval for multiPPI++ is the sum of the widths of the Naive interval
plus the width of the correction term, this seems to indicate that performing the multiPPI++
correction does not seem to add a significant amount of uncertainty. This demonstrates
that it can correct for transportability bias without much additional information cost. This
is further evidenced by the seeming lack of association between the tuning parameter A,
which weights the use of the predicted outcomes in the downstream inferential model and
the accuracy of the predictions. As A is a function of both the outcome and the associated
features, we conclude that better predicted outcomes carry no additional useful information
for parameter estimation.

Figure 6 demonstrates that multiPPI++ improves the accuracy of statistical estimates
using a post-facto correction term estimated using relatively small amounts of labeled data.
As this is applied after model predictions are made, multiPPI+-+ does not improve or degrade
prediction accuracy. This procedure provides a correction for the biased statistical inference
parameters and the deflated uncertainty intervals around them, given NLP produced estimates
of likely COD from VA narrative predictions. This is a nuanced yet important distinction as
these downstream statistical inference parameters are what describe the relationship between
covariates, such as age, and cause of death distributions. This same intuition extends to
other domains where the end goal is to use inference to guide decision making where NLP

predictions are used in place of ground truth labels.

4.5 Discussion

This paper uses a variety of NLP models to predict COD using VAs and, subsequently,
develops a statistical method for valid inference using these predicted CODs. This research
not only contributes to the advancement of predictive modeling in public health, but also
underscores the significance of parameter interpretation in guiding decisions within diverse

and dynamic health scenarios.
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Figure 4.6: Ground truth, Naive estimation, and multiPPI++ correction of estimation of log
odds ratios for multinomial regression for age in Uttar Pradesh. multiPPI++ correction both
recovers point estimates and reflects the increased uncertainty corresponding to the use of
predicted COD rather than known COD with wider confidence intervals.

Based on our research, there are several points that we believe are worthy of further
investigation. First, we noticed that better predictive accuracy in the COD classifications did
not necessarily translate to improved parameter estimation when used as a generative model
for downstream statistical inference, at least not under the accuracy ranges examined in this
paper. In situations where the user is ultimately interested in accurate parameter estimation,
as is often the case in public health, care must be taken to differentiate between the most
accurate model for prediction versus the most accurate model for parameter estimation,

as it is possible that very cheap models such as KNN can be as useful as more expensive,
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Figure 4.7: There appears no strong global relationship between multiPPI++ X and F1-score,
though associations do emerge when subsetting by site, hinting at a Yule-Simpson effect.

newer models like GPT-4. For example, the cost to train and predict COD with BoW
representations and KNN, NB and SVM was trivial, whereas performing the same task with
GPT-4 cost $3000USD.

Second, the extreme class imbalance in COD drives many of our prediction results. While it
is not possible in practice to directly balance across CODs, there are broader design questions
that could substantially improve inference. How, for example, should a researcher spend their
very limited budget to label relevant VAs? And are there other ways of categorizing deaths
that provide richer information than the five categories we use? Third, there is evidence
that NLP techniques such as large language models perform worse in non-English languages
Navigli et al. (2023); Lai et al. (2023); Hirschberg and Manning (2015), which is a major
consideration since VAs are common in non-English settings. This could introduce bias to
potential VA inference in other languages (Surek-Clark, 2020). This is a limitation of our
simulation study, since it does not account for differential translation quality across languages.
Future work might instead leverage NLP models specifically pre-trained for multiple languages

or medical text (Peskoff et al., 2021; Singhal et al., 2023).
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4.6 Chapter Appendix

4.6.1 ICD-10 COD C(lassification

Mapping 34 PHMRC All-Cause Mortality Labels to Five Broad COD Labels
ICD-10 All-Cause Mortality Label Broad COD Label
Code

K74 cirrhosis non-communicable
G40 epilepsy non-communicable
J18 pneumonia communicable

J44 copd non-communicable
121 acute myocardial infarction non-communicable
X00-X09 fires external

N17-N19 renal failure non-communicable
C34 lung cancer non-communicable
000-099 maternal maternal
W65-WT74 drowning external

100-199 other cardiovascular diseases non-communicable
B20-B24 aids aids-tb

Varies other non-communicable diseases || non-communicable
WO00-W19 falls external

V01-V99 road traffic external

E10-E14 diabetes non-communicable
A00-B99 other infectious diseases communicable
A15-A19 th aids-tb

X60-X84 suicide external

Varies other injuries external

Ch3 cervical cancer non-communicable
160-169 stroke non-communicable
B50-B54 malaria communicable

J45 asthma non-communicable
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4.6.2 PPI and PPI++: overview

We formalize our problem setting while reviewing the prediction-powered inference PPI
and PPI++ approach (Angelopoulos et al., 2023a,b). The goal of PPI is to estimate a d-
dimensional parameter @ with n labeled data points (Xj;, Yy;) ﬁm(»ilp,i € {1,...,n}, and N
unlabeled data points X,; cp x,t € {1,..., N}. Additionally, there is a black-box model
f that uses the features to predict the outcomes based on labeled and unlabeled data,

denoted as Ylf = (f/l{, e 7}712) and f/uf = (Y/f

..., X],). The prediction rule f is assumed

to be independent of the observed data. While PPI performs inference on a correction term
to incorporate these black-box predictions; PPI++ improves the methodology to be more
computationally efficient and develops a modification that adapts to the accuracy of the
prediction rule f by introducing an additional parameter A that interpolates between classical
and prediction-powered inference.

The starting point of PPI and PPI++ approach is to define the population losses:
L(0) = E[lp(X,Y)], and

LY (6) = Elly(X. Y)].

It is recognized that
L7(0) = Ello(X.,Y]")] = Ellg(X.., )] = L7 (6).
Therefore the “rectified” loss is defined as:
LPPH9) = Lo(6) + L (0) — L] (0)

where
n

L,(0)=— Z lo( X, Yii),

=1
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n

LI0) = = 1p(X,Y])), and

i=1
fu RS i
1=1

The rectified loss leads to the prediction-powered point estimate:

07! = arg min L771(6).
HeR?

PPI constructs the confidence set CIF1 = {§ € R¢s.t. 0 € CY(0)} for true parameter
0* by forming (1 — a)-confidence sets, CY (6), for the gradient of the loss VLFP1(§). This
approach works well for a fixed # but suffers from computational issue when forming the
confidence set for every § € RY. PPI++ derives the asymptotic normality about 6. This result
allows the construction of (1 — a)-confidence intervals CIP1 = {éfpl + 212 X 6;/4/n},
where 67 is a consistent estimate of the asymptotic variance of éf PI and z, is the g-quantile
of standard normal distribution. Similar confidence intervals centered around 677! can be
constructed when the inference is performed on the whole 6* vector rather than a single
coordinate 67, which results in far more efficient algorithm.

Moreover, PPI++ generalizes PPI to allow the inference to adapt to the accuracy of the
supplied predictions, yielding estimations that are never worse than the classical inference.

This approach is called “power tuning” by incorporating a tuning parameter A € [0, 1] in the

rectified loss, leading to the following estimator:
é}P\PI++ _ arggmin LI}’\PI++(9)7

where

L (6) = La(6) + A(Ly (8) — L1 (9)).

PPI++ recovers the original PPI approach when A = 1 and reduces to classical inference

when A = 0. One can adaptively choose a data-dependent tuning parameter \ to maximize
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Algorithm 1: multiPPI++: Prediction-powered inference for Multinomial Classifi-
cation

Input: labeled K-category COD data {(Xy, Y;;)}™,, unlabeled data {X,;}¥,, NLP
model f, significance level o € (0, 1), coefficient index j € [d(K — 1)]
1. Optimally select tuning parameter A\ // set tuning parameter

~

2. 0§ = argmin L5(0) // multiPPI++ estimator
fcRIUK~1)

3. H = (30, v"(XF0) X, XT + 370 0" (X50%) X, XT), where

Y0, x) = log ( kK;l exT9k> 0, € RY // empirical Hessian
4. % = H Y (2V; + Va)H™!, where

0y = 3o o (WOXER) — ¥ Xe) and

li 7\
Va = Cov,((1 — A)(z/)’(Xgﬁ‘;\“) +(\Y;/ =Y;,)X;;))  // covariance estimator

Output: R
Prediction-powered point estimates Hr/{ and confidence interval

= (é’iﬂ + zla/m/ﬁljj/n) for coordinate j

4.6.3 multiPPI++

In K-class multinomial classification problem with outcomes Y; € {0,..., K — 1} and

covariates X; € RY, the parameter of interests 6 is a d(K — 1)-dimensional vector whose k-th

block ), € R? of components represent parameters for class k € {1,..., K — 1} excluding the

reference class to avoid overparameterization. The loss function in classical inference takes

the form

Defining
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and the multiPPI++ loss is given by

L2(0) = Lo (6) + ML (0) — L1(8))
_ _% 3 (Xiiby;, — (8, Xar))

N A n
D (Xibpr —9(6, X)) + - D (Xibys — (6, X))
i=1

i=1

=] >

Angelopoulos et al. (2023b) shows that the parameter A can be optimally tuned to
minimize the asymptotic variance of the prediction-powered estimate, leading to better
estimation and inference than both the classical and PPI strategies. Particularly, in finite

samples, we can obtain the plug-in estimate

71 Cov R f o f X -1
5\ = L X o <HéPPI (COVn(Vleppf’ Vlépm) + COV”<VléPP1’ szPPI)) Héppl)
2(1+ %) Tr (?Ié*l Covnin(VI  VH-! )
PPI PPI PPI

where Opp; = éf\PI“ is obtained by taking a fixed A € [0, 1].
We summarize the multiPPI++ adjusted inference procedures for multinomial logistic
regression coefficients on predicted CODs by an NLP model f against covariate X, under

significance level a € (0, 1) in Algorithm 1.
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4.6.4 Sensitivity Analysis

In a sensitivity analysis, we varied our data splitting strategy, which revealed nuanced
insights regarding the behavior of the classifier. Notably, when maintaining the split pro-
portions (80/20) within each COD, the PPI++ classifier exhibited minimal utilization of the
labeled data, as indicated by the relatively small values of A. Conversely, when employing an
80/20 split on the entire dataset, this lead to a significant information loss for the minority
classes, resulting in larger A values for certain splits. Since an (80/20) on the whole dataset
more closely resembles what one would see in reality on a prospective study while an (80/20)
split by COD is resembles a retrospective study, this illustrates the importance of purposefully

choosing an appropriate data splitting strategy to match the desired analysis.
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4.7 FEthics Statement

As this paper covers the study of the lives and deaths of real human beings, the ethical
aspect of this investigation was considered of paramount importance. First, to ensure that
any potential personally identifiable information was not mishandled, multiple layers of data
security were employed, the primary means being the use of a secure Microsoft Azure cluster
for the running of local models. Data concerns are always paramount. We are fortunate to be
working with de-identified data, however, when working with more sensitive data there are a
number of open-source LLMs which can be run locally (Llama-3, meditron, etc) to ensure safe
and ethical research practices. Additionally, many institutions, public and private, buy access
to local OpenAl servers. Our use of these methods is illustrative, aiming to lay a foundational
understanding of how to perform valid inference with NLP predictions. When communicating
with outside organizations such as OpenAl’s GPT models, we ensured that all data set were
from the publicly available PHMRC data, which has been previously deidentified. Finally, in
accordance with the importance of studying a sensitive topic such as VAs deserve, we have
done our utmost to ensure that our study’s objectives and tools utilized, to the best of our
abilities, gives a fair, and respectful analysis of subject matter in question so that its results

may be used for the furtherment of public health goals.

4.8 Reproducibility Statement

To ensure the reproducibility of our results, we have published our code repository with
our entire pipeline - NLP training, predicting, inference and visualizations - to Github. Please
direct questions about data or modeling via email to avisokay or fansx at uw.edu. All data

is available in the data folder in the Github repository.


https://github.com/avisokay/va_nlp

Chapter 5

Conclusion

This dissertation began with a simple observation: we have a tendency to understand
the complex social world through categories. While it can be at times difficult to recognize,
such categories are not neutral containers for natural, pre-existing “truths", but artifacts of
social construction through measurement systems that each carry their own assumptions,
historical legacies, and limitations. Through three empirical chapters focusing on urban space,
US population obesity, and global mortality estimation, I have shown that the substantive
conclusions we draw from any empirical analyses crucially depend upon the alignment of
our conceptual constructs of interest and the measurement systems we use to make those
concepts legible to inquiry. This concluding chapter summarizes the contributions of each
substantive chapter, reflects on their shared limitations, and identifies some directions for

future work.

5.1 Contributions

5.1.1 Comptational Methods for Urban Sociology

Chapter 2 contributes to a long tradition in urban sociology that treats neighborhoods
as socially produced rather than administratively fixed entities. Operationalizing this con-
testation empirically has proved challenging: census tracts, zip codes, or administrative

neighborhood boundaries offer scale and consistency at the cost of treating boundaries as

101
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fixed, while ethnographic approaches offer depth of the particular at the expense of scale.
Through a novel application of language model annotation to a corpus of hundreds of thou-
sands of Craigslist rental advertisements, this chapter demonstrates a feasible way to identify
unit-level neighborhood identity. These neighborhood claim labels suggest nuanced contours
of social space that better capture how listing agents conceptualize urban space. The LLM
annotation pipeline I present, validated against manual annotation and benchmarked against
conventional entity recognition with string-matching, offers a generalizeable tool for computa-
tional social scientists interested in recovering latent spatial claims from unstructured text at

scale.

5.1.2 Rethinking the US “Obesity Epidemic"

Chapter 3 contributes to the demographic and epidemiological literatures on population
health as it relates to fatness by subjecting a foundational claim — that US obesity has been
consistently on the rise for decades — to an empirical validity test using the same data used
to produce the CDC'’s official estimates of obesity prevalence. The primary contributions
are both methodological and substantive. First, through non-parametric imputation with
principled uncertainty propagation I am the first to estimate a DXA-based obesity trend that
is both representative of US adults, including those aged 60+, and spans the entire modern
NHANES era since 1999. Second, I show that the two most widely used anthropometric
measures of obesity (BMI and WC) and the clinical reference standard for adiposity (DXA)
have been on diverging trajectories during the study period.

The finding that BMI-based obesity rose 13 percentage points while DXA-based obesity
stayed at the 1999 level for the subsequent two decades challenges the evidence-based founda-
tion on which a substantial research apparatus (from clinical guidelines to pharmaceutical
investments to public health interventions) has been built. The subsequent demographic
decomposition analyses reveal the BMI rise is not an artifact of population compositional

change but is broad-based within demographic cells. The same is not true, however, for
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DXA-based obesity, where prevalence actually fell during this period for several groups,
most notably for female respondents. These sex-stratified findings carry direct implications
for studies of gender and health, and for decomposition analyses of racial disparities in
obesity that rely on BMI as a valid proxy. More broadly, the chapter advances demography’s
methodological toolkit by demonstrating how survey-weighted multiple imputation, complex
sample design adjustments, and direct standardization can be combined to recover valid
population-level prevalence estimates from intermittently collected biomarker data which may
be more conceptually aligned with the construct of interest, like directly measured adiposity

as a screening tool for obesity.

5.1.3 Valid inference with mortality estimates

Chapter 4 contributes to global public health and to the rapidly growing applied statistical
literature on inference with predicted data. In global health, verbal autopsy remains the
primary tool for monitoring cause-specific mortality in low and middle income countries.
Prior work has focused on the structured questionnaire portion of the VA, and has treated
cause-of-death labels as an end in itself without adequately addressing the downstream
inferential problem of relying on outcomes of interested that have been predicted rather than
directly observed. This chapter fills two important gaps. First, this is among the first studies
to demonstrate the efficacy of relying solely on the unstructured text portion from VA’s for
cause-specific prediction. The second is extending the PPI++ estimator to the multinomial
setting (multiPPI++), facilitating calibrated statistical inference with predicted data. By
requiring only a small set of verified labels, this method offers promise to applied researchers
operating with constrained budgets for primary-data collection. This also has the potential
to reduce the burden on VA respondents, by moving from a tedious and repetitive structured

questionnaire to a more adaptive and less structured process.
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5.2 Limitations and Future Directions

5.2.1 Neighborhoods

The neighborhood analysis presented here is necessarily partial in that it fundamentally
captures a single perspective on the social construction of urban space. Craigslist rental
advertisement listings as a data source reflect how listing agents (e.g. landlords and/or
property managers) strategically represent properties to prospective tenants. This is an
important and consequential perspective to understand, since listing agents mediate access
to housing and their spatial understandings can shape the information environment in
which renters search. However, renters likely occupy their own spatial imaginaries, shaped
by personal experience, social networks, etc. Long-term residents of a city or established
community organizations construct and defend neighborhood identities through different
channels than Craigslist advertisements, whether it be through local press, social media, civic
associations, or art. These are alternative potential data sources which would better capture
alternative perspectives, and perspectives derived from these data may align or conflict with
the perspectives of listing agents.

Beyond expanding the spatial and temporal scope of this research, a natural exten-
sion would contrast the listing-agent perspective recovered here with renter or community-
stakeholder-generated spatial claims. This could be derived from reviews on platforms like
Yelp, Google Maps, posts in neighborhood specific Facebook groups, Reddit communities,
or responses to survey instruments that ask respondents to draw their current conceptions
of neighborhood boundaries on a map. Triangulating across these data sources would allow
researchers to map not just the gap between institutional and market representations of
neighborhood identity as I do in Chapter 2, but a more robust ecology of competing spatial
claims. The LLM annotation pipeline developed here is readily adaptable to these alternative
data sources, and doing so could move the analysis of one type of actor’s construction of

urban space in Chicago to a more complete sociological understanding of how neighborhoods
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are made, sustained, and transformed.

5.2.2 Obesity Trends

The empirical findings presented in Chapter 3 are specific to the United States and to
the 1999-2018 period covered by NHANES with intermittent DXA collection. Whether
the divergence between BMI and DXA trends observed here is a feature of the US context
specifically or a more general property of how anthropometric proxies perform as population
surveillance instruments remains an open question. The persistence of BMI as the dominant
instrument for obesity surveillance in the face of mounting and extensive evidence its limita-
tions also raises questions that go beyond what any empirical analysis can answer. BMI’s
entrenchment reflects not only tractability, but the institutional inertia of a patchwork of
classification systems that have been embedded a myriad of social systems (e.g. clinical
guidelines, insurance reimbursement qualification, public health reporting). Understanding

why BMI resists displacement is a question for the sociology of science and technology studies.

5.2.3 Verbal Autopsy

Chapter 4 demonstrates the value of free-form text narratives as an important source
of signal for cause-of-death classification from VA. It also reveals an important limitation
of the current data infrastructure: the narratives available in our most comprehensive
validation datasets were not collected with NLP-based analysis in mind. Interview protocols
have historically optimized for structured questionnaire responses, with text narratives
receiving less thorough consideration, yielding often times brief or formulaic narratives that
underutilized the potential richness of caregiver accounts. A direct implication of this work
is that VA data collection instruments should be redesigned to prioritize the elicitation of
detailed and more comprehensive text narratives, even if this comes at the expense of the
structured tabular data.

A related limitation is that current methods — both text based and structured, and those
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which combine them to jointly estimate mortality — perform considerably better on common
causes of death than on rare ones. Conditions that account for a small fraction of deaths in
any given definition are underrepresented in training data, and both prediction accuracy and
the statistical power of downstream inference degrade sharply. These rare causes are also
often of particular import (e.g. disease outbreaks) but data limitations make it particularly
difficult to design and implement timely interventions. Addressing this limitation will require
coordinated investment in developing integrated methods which can operate with pooled
existing data as well as expanding both the volume and context diversity of labeled VA data
to improve rare cause coverage. The multiPPI++ framework developed here is designed to
be robust to systematically biased prediction, but it cannot substitute for the underlying
sparsity of data, and is dependent upon high quality validation data.

The three studies described in this dissertation share a common commitment to taking
measurement seriously as a substantive, theoretical and empirical problem beyond simply a
technical preliminary to quantitative social science. Each shows that our understanding of
social phenomena hinges critically upon not just what we observe, but how those observations
are made. With this dissertation I urge a renewed focus upon the epistemology of empirical
measurement. Looking differently, whether with better instruments, more direct measures, or
methods capable of recovering latent constructs from emerging unstructured data sources,
can unsettle conclusions that have come to seem obvious. That unsettling is not an end in
itself but rather a starting point. The analyses presented here creates both an obligation to
be more precise about what we claim to know and an opening for more engagement with
the gap between the complex messy social worlds we inhabit and the vast multiplicity of its

possible representations.
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