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dominance of companies and the U.S. in innovation, alongside characteristics that explain whether
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1. Introduction

The vast majority of data generated by human activity is qualitative: social media posts, teaching
curricula, policy documents, books, diaries, interviews, court opinions, historical newspapers, pho-
tographs, websites, advertisements, audio recordings, and more. This data is rich but unstructured. It
cannot easily be used to test hypotheses in a statistically sound way. The alternative is quantitative
data, which is testable but scarce and abstracted away from human nuance. This forces a dilemma —

researchers must choose either quantitative rigor or qualitative texture.

The advent of large language models (LLMs) offers a solution. LLMs like GPT are powerful compre-
hension machines. Like a human, they can richly understand qualitative data, and then label and
measure quantitative attributes on that data. Relative to human labeling, they can be cheaper, faster,

more accessible, and easier to scale for many measurement tasks.

This paper introduces GABRIEL, a Python library designed to leverage LLMs to label qualitative data.
GABRIEL (the Generalized Attribute-Based Ratings Information Extraction Library) is a prompt-
based wrapper around OpenAI’'s GPT API designed to facilitate the use of LLMs for measurement on

qualitative data like text, images, and audio recordings.

The basic intuition is simple. If a researcher can describe an attribute in clear natural language —
how “anti establishment,” “pro innovation,” or “conciliatory” a passage sounds — then GABRIEL
can ask that question consistently, across thousands of observations, and return numeric or textual
measurements for every observation. The package constructs standardized prompts, executes them

through the GPT API, and converts the results into structured spreadsheets ready for analysis.

GABRIEL provides methods to automate a variety of social science procedures. Researchers can rate
speeches on populism, classify court cases by issue area, extract named entities from historical texts,
deidentify interview transcripts, or even apply the same logic to multimodal data such as campaign
posters or radio segments. There are also helper tools for passage coding, creating crosswalks to merge

datasets, deduplicating a large dataset, and more (see Table 2 for a full list of methods).”

A growing literature uses LLMs as high-throughput measurement instruments: converting unstructured
text (and other qualitative inputs) into variables that can enter standard empirical designs. That
shift is promising but it raises a core question: when we treat a model’s label as data, what exactly
have we measured? The applied econometrics framework of Ludwig et al. (2025) emphasizes that
LLM outputs are best viewed as measurements of latent constructs, and therefore inherit risks from
measurement error and construct validity. In this setting, three concerns recur. First, contamination
and look-ahead bias: pretrained models may draw on memorized or post-period knowledge, which
is especially problematic for forecasting or any design requiring a real-time information set (Sarkar
and Vafa, 2024; Lopez-Lira and coauthors, 2025; He et al., 2025; Wongchamcharoen and Glasserman,
2025). Second, the output is a noisy prozry: substituting LLM labels for a gold standard can attenuate

coefficients or bias estimands unless the error is characterized and corrected with validation data and

9The tutorial to use GABRIEL can be accessed here.


https://colab.research.google.com/drive/1RMUeAWACpViqiUMlPMMwPTKyGU-OX756?usp=sharing

appropriate estimators (Ludwig et al., 2025; Egami et al., 2023). Third, shortcut inference and uneven
generalization: models may infer the target attribute from correlated cues rather than directly reading
the relevant signal in the content, and their behavior may shift across domains in ways that surprise
researchers (Vafa et al., 2024a). These concerns do not imply that LLM measurement is unusable; they
imply that more work is needed to establish how broadly usable LLM measurement is across different

data and methods. Here we do some of this work.

This paper has three aims. First, we validate LLMs as measurement tools on qualitative data, with an
emphasis on two properties that matter for empirical work: accuracy and directness. By accurate
we mean that, given an input, the model’s measurement agrees with accepted benchmarks (human
labels where the construct is inherently subjective, and objective external outcomes where available).
By direct we mean that the measurement is driven by the signal in the content itself, rather than
by leakage, memorized facts, or correlated cues that allow the model to guess the label without
substantively reading what the researcher intends it to read. Our validation tests against a large
sample of actual human labeled datasets from real empirical research, unlike prior work, which often
uses cherrypicked positive or negative examples. Second, we showcase what this new measurement
paradigm enables by walking through applied examples that mirror research in empirical economics
and adjacent social sciences, culminating with a substantive application to the history of technology
adoption. Third, we provide a transparent, standardized, and easy-to-use implementation in the form
of GABRIEL, so that researchers (including non-technical ones) can deploy LLM measurement at scale

without reinventing the workflow each time.

Why use GABRIEL instead of ChatGPT or the GPT API? Since GABRIEL is simply
taking qualitative data and running it through GPT prompts, the natural question is why a researcher
shouldn’t just directly use GPT themselves. What does GABRIEL do that is harder or less convenient
than direct ChatGPT usage?

GABRIEL does nothing that couldn’t be done through GPT alone. This paper’s aim is to validate and
illustrate LLMs / GPT generally in measuring attributes on qualitative data, not GABRIEL specifically.
Indeed, in our prompt variation section, we find that the prompt does not appear to matter much:
GABRIEL’s standard prompts do not yield different results from seemingly simplistic prompts. A
major difference between today’s Al models — with their general comprehension skills — and prior
machine learning approaches is they are more generalizable and can work across many contexts without
having to train or deploy a use-case specific model. LLMs do not require much technical expertise
to set up, they understand the core task and ignore irrelevant details, and they can work with most

qualitative data without any changes to the underlying model.

Instead, the purpose of GABRIEL is akin to Stata. Stata has no secret sauce in performing
a regression; any researcher could code up the same underlying math and do it themselves. Stata’s
advantages are that it has been optimized to handle data more efficiently, it scales better, it is a well
validated reference point relative to DIY code, it contains a number of more complex methods which

would be difficult for researchers to build, and most importantly, it is simply more convenient and



accessible. Our intention with GABRIEL is the same: take what researchers could do with ChatGPT
or the GPT API but make it far more scalable to larger datasets, easier to use, more accessible to
less technical researchers, a validated point of reference for the nascent method of Al labeling, and
offering a set of difficult to build functions (e.g. creating crosswalks, ranking texts through pairwise
comparisons). Our code is freely available for researchers to use and modify. Our package is simply a

tool of convenience, accessibility, and reference validity, like most software.

What do we need to validate about GPT labeling data? Because we use GPT outputs as
data, validation is about measurement: are we capturing the construct we claim to capture, and are

we capturing it from the input itself? Concretely, we focus on two requirements.

First, accuracy. Given an input text (or image/audio segment), GPT should assign measurements that
align with accepted benchmarks. Where the construct is inherently judgmental (e.g., how pessimistic
a passage sounds), the relevant benchmark is typically human coding. Where the construct has an
external ground truth (e.g., a county’s credit score, an election outcome, a firm’s realized performance),
the benchmark can be objective. We also test robustness to prompt wording: do measurements remain

stable across semantically equivalent prompts?

Second, directness. Even if a measurement correlates with a benchmark, it may be “right for the
wrong reasons.” We therefore test whether GPT’s measurement is driven by information in the text (or
image / audio recording) rather than by contamination, memorized facts, or correlated shortcuts. In
practice, we study both (i) look-ahead and contamination channels, where post-period knowledge can
leak into labels, and (ii) shortcut inference channels, where correlated cues induce the model to guess

the label without reading the intended signal.

If GPT measurements are both accurate and direct across diverse settings, then researchers can treat
them as usable inputs to standard empirical designs, subject to the same discipline we apply to any
measurement, suited to domain-specific best practices. In Appendix B, we provide our view of best

practices for using GPT as a measurement tool.

Roadmap The remainder of the paper is structured as follows. Section 2 describes the design and
functionality of the package. Section 3 illustrates GPT as a measurement tool through three examples:
congressional floor speeches, internet toxicity, and grade school curricula at the county level. Section 4
evaluates validity and bias, including tests designed to detect contamination and shortcut inference.
Section 5 applies GABRIEL to a substantive research problem — the history of technology adoption
— to showcase how the package enables empirical analysis of an important question at new scales.

Section 6 concludes.

2. The GABRIEL package

GABRIEL is not a new machine-learning model and performs no training or fine-tuning of its own.

Instead, it is a prompt wrapper around any modern language model, such as OpenAl’'s GPT APIL.



It is a straightforward set of code that makes ChatGPT’s intelligence usable for research at scale.
Each GABRIEL function — whether to rate, rank, classify, code passages, or extract information —
corresponds to a prompt template that the package sends to the GPT model. The model itself does all

the reasoning; GABRIEL organizes how the question is asked and how its answers are captured.

For example, if one were to open ChatGPT and paste a passage of text, one could type, “Rate how
optimistic this speech is about technology on a 0-100 scale,” and receive what would likely be a
sensible reply. GABRIEL automates that same interaction. It faithfully reproduces that question
across thousands of observations, recording each answer, and returning the results in a structured
format. For simple applications, the researcher could come with the data — for instance a dataset of
political speeches — and directly analyze or convert them to numerical datasets using GABRIEL. We
also present more complex applications in which GABRIEL can help create the analysis data itself, for

instance through systematic web scraping.

What distinguishes GABRIEL from ordinary prompting is validity, consistency, accessibility, and
scalability.

Validity In later sections, we establish the validity of GPT measurements on qualitative data against
hundreds of human labeled datasets. These tests are run using GABRIEL’s prompts and pipelines,
although we expect them to generalize to other pipelines. We provide evidence that, within the

family of semantically equivalent well-posed prompts we test, results are highly stable.

Consistency Every observation is evaluated with the exact same wording, output schema, model
parameters, and attribute definitions. This reduces the capriciousness of ad-hoc prompting. The
goal is not perfectly reproducible measurements — no stochastic model can promise that, just like

no human could — but rather consistency good enough for credible measurement.

Accessibility Building boutique tools around LLM APIs for specific research projects is time consum-
ing and requires technical know-how. GABRIEL is designed so that non-programmers can leverage
LLM measurements. The outputs are standard spreadsheets, so that results can feed directly into

quantitative analysis.

Scalability Copying and pasting to ChatGPT may work as a method for analyzing 20 texts, not
2,000 or 200,000. By using and parallelizing the GPT API, hundreds of GPT calls are executed

concurrently, allowing corpora with tens of thousands of items to finish in minutes.

GABRIEL turns GPT from a chatbot into a research instrument: it asks the same question, in the
same way, of every datapoint. Where classical machine learning methods require bespoke training
for each variable, GABRIEL achieves generality through GPT’s broad prior on language itself. The
researcher defines what to measure in words, and the system scales that judgment across an entire

corpus of entities, texts, images, or audio recordings.

The optimization within GABRIEL and the tiny cost of LLMs relative to human labelers allows for

massive cost savings relative to crowdsourcing. This enables measuring attributes on text or images



at much larger scales, with more granular detail. Based on gauges of human reading speed from the
literature (Brysbaert, 2019), we estimate that GABRIEL would cut labeling costs by 17,500x
relative to a human crowdsourcer paid $15 / hour when using the cheapest (but still high performing)
model, and by 700x even when using the most premium model — see Table 38 in Appendix A. This
can turn a years-long project costing millions for a single labeling run into something doable in minutes

on a shoestring budget.

Table 1: Cost estimates of rating each text on ten attributes (e.g. “promoting family values”,
“isolationist”, “focused on human suffering”). Human target wage $15 / hr. Full calculations in
Appendix E.

‘ gpt-5-nano ‘ gpt-5-mini ‘ gpt-5 ‘ human

240 State of the Union speeches ‘ $0.14 ‘ $0.69 ‘ $3.46 ‘ ~$2,600
100k full-text church sermons | $43 |  $217 | $1,083 | ~$700,000

GABRIEL is applied to data via simple, one line Python commands, like the following call to rate

thousands of speeches on populism.!

gabriel.rate(df, attributes={"populism": "How populist is the rhetoric in this speech?"})

Each function in GABRIEL represents a structured way of asking GPT to perform a comprehension task
on qualitative data. Most functions share a similar architecture: take a spreadsheet with qualitative
data (texts from any language, images, audio, entity names) — run each datapoint through our prompt
templates — LLM model call — spreadsheet output. But each function differs greatly in how it asks
the LLM to process the data.

Table 2 overviews the various functions supported by the toolkit, which range from classification to
pairwise ranking to feature discovery to de-identification utilities. More details can be found in our
tutorial notebook and GitHub repository (Asirvatham and Mokski, 2026). Figure 36 in Appendix A
displays the default GABRIEL prompt for rating attributes on text. Table 3 below shows a sample of
GABRIEL ratings measured on short State of the Union snippets. See Appendix B for our view on

best practices for using GPT as a measurement tool in research.

'Full details on using GABRIEL are in table 2 and in the tutorial.
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Table 2: GABRIEL methods available to researchers. See tutorial for more details.

(a) Measuring Attributes on Qualitative Data

Function Purpose & Output Scale Example Use

gabriel.rate Asks GPT to score each text / image / audio / Measure "populist rhetoric" in a speech;
item on natural language attributes. Output = "toxicity" of tweets; "luxury" in ad images.
0-100 rating.

gabriel.rank Pairwise comparisons between texts yields Rank technologies by "bulkiness" or artworks by
ELO-like attribute ratings. Output = "fine brushwork".
grounded, relative z scores for each text.

gabriel.classify Classifies texts / images / audio / items on Tag news articles, product photos, or interview
whether provided labels apply. Output = one clips into topical categories.
or more classes per item.

gabriel.extract Structured fact extraction on each item. For each product, provide the "company",
Output = string / numeric values. "CEQO", and "year of invention".

gabriel.discover Discovers natural language features which Identify what distinguishes 5 star vs. 1 star

discriminate two classes of data.

reviews or successful vs. failed startups.

(b) Data Cleaning

gabriel

gabriel.deduplicate

gabriel

gabriel

.merge

filter

.deidentify

Creates crosswalks. Output = merged table
with GPT-matched identifiers.

Detects conceptual duplicates. Maps all
duplicates to one representative term.

High-throughput boolean screening. Outputs
items which meet natural language condition.

Replaces PII with realistic, consistent fake PII.
Outputs anonymized text + mapping.

Match two distinct job title directories; link
patent titles to product names.

Collapse "F-18", "Super Hornet Fighter Jet",
"f-18 hornet" into "F-18".

Subset 18M Wikipedia titles to only
technologies.

Replace names, employers, addresses before
sharing interview corpora.

(c) Helper Tools

gabriel

gabriel.

gabriel.

gabriel.

gabriel.

gabriel.

gabriel.

gabriel.

gabriel.

gabriel.

.codify

compare

bucket

seed

ideate

debias

load

view

paraphrase

whatever

Passage coding: highlights snippets in text that
match qualitative codes.

Identifies similarities / differences between
paired items. Output = list of differences.

Builds taxonomies from many terms. Output =
bucket/cluster labels.

Enforces a representative distribution /
diversity of seeds.

Generates many novel scientific theories and
filters the cream of the crop.

Post-process measurements to remove inference
bias.

Prepares a folder of text / image / audio files
into a spreadsheet for use in GABRIEL.

UI to view sample texts with ratings / passage
coding.

Rewrites texts consistently per instructions.

Run any GPT prompts, but leverage
GABRIEL’s parallelization / checkpointing.

Flag sentences about "economic insecurity" in
speeches; "stressors" mentioned in interview.

Contrast op-eds from different districts; compare
two ad campaigns.

Group technologies, artworks, or HR complaints
into emergent categories.

Initialize unique personas that match US
population distribution.

Procure novel theories on inflation for potential
research.

Ensure GPT isn’t guessing climate opinions in
speeches based on general political lean.

Image directory converted into spreadsheet of file
paths.

Spot-check classify / rating outputs; view coded
passages.

Summarize earnings call transcripts to remove
company specifics.

Any set of prompts; slots into any pipeline.



https://colab.research.google.com/drive/1RMUeAWACpViqiUMlPMMwPTKyGU-OX756?usp=sharing

Table 3: Illustrative gabriel.rate measurements on State of the Union snippets. FP: foreign policy.

President State of the Union snippet Patriotic FP Individualism Populist Tech optimism

From expanding opportunity to protecting
our country, we’ve made good progress.
Yet we have unfinished business before us,
and the American people expect us to get
George W. it done. In the work ahead, we must be 52 7 74 10 0
Bush guided by the philosophy that made our
Nation great. As Americans, we believe in
the power of individuals to determine their
destiny and shape the course of history.

On the south we have extended to the Gulf
of Mexico, and in the west from the Mis-
sissippi to the Pacific. One hundred years
ago the cotton gin, the steamship, the rail-
road, the telegraph, the reaping, sewing,
and modern printing machines, and numer-
Ulysses S. ous other inventions of scarcely less value
to our business and happiness were entirely 33 3 4 1 86
Grant .
unknown. In 1776 manufactories scarcely
existed even in name in all this vast terri-
tory. In 1870 more than 2,000,000 persons
were employed in manufactories, produc-
ing more than $2,100,000,000 of products
in amount annually, nearly equal to our
national debt.

Remember their power has no basis in con-
sent. Remember they are so afraid of the
free world’s ideas and ways of life, they do
not dare to let their people know about
them. Think of the massive effort they
Harry S.  put forth to try to stop our Campaign of
Truman Truth from reaching their people with its
message of freedom. The masters of the
Kremlin live in fear their power and posi-
tion would collapse were their own people
to acquire knowledge, information, com-
prehension about our free society.

56 91 7 45 2

Sixty years ago, when the Russians beat us

into space, we didn’t deny Sputnik was up

there. We didn’t argue about the science

or shrink our research and development 58 20 4 4 90
budget. We built a space program almost

overnight. And 12 years later, we were

walking on the Moon.

Barack
Obama

And one of the reasons that there is so
much support across this country for term
limitations is that the American people are
increasingly concerned about big-money
influence in politics. So, we must look
George W. beyond the next election to the next gen-
Bush eration. And the time has come to put the
national interest above the special inter-
est and to totally eliminate political action
committees. And that would truly put
more competition in elections and more

power in the hands of individuals.




3. GABRIEL in practice: three examples

To illustrate how GABRIEL functions in real empirical settings, we present three examples that
move from the straightforward to the complex. Each demonstrates a distinct use case — text, online
discourse, and web-based data — and together they show how a single prompt-based framework can
adapt across content types and research questions. In every case, we define an attribute in ordinary
language, provide a corpus, and let the package perform measurement at scale. What changes is only
the data, not the method.

3.1. Example 1 — political rhetoric

Our first example centers on measuring U.S. political rhetoric at scale. In the text-as-data tradition,
congressional speech has long been used to construct quantitative measures of ideology, partisanship,
framing, and tone at scale (Grimmer and Stewart, 2013; Slapin and Proksch, 2008; Lauderdale and
Herzog, 2016; Gentzkow et al., 2019; Roberts et al., 2014; Card et al., 2022; Aroyechun et al., 2025).
We ask whether an LLM can serve as the measurement instrument, in similar function but for more
complicated and useful concepts. We define attributes ex ante, apply a consistent measurement with
gabriel.rate on each text, and study historical patterns in congressional rhetoric. The aim here is
not to advance a new theory of politics, but to provide a concrete example of the ways in which LLMs

can measure and quantify complex concepts in political text.

The gabriel.rate function turns each input text into quantifications on a 0-100 scale, where 0 denotes

absence and 100 denotes full expression, as Table 3 shows.

We apply this method throughout a massive corpus of Congressional remarks spoken by representatives
and senators since 1880, sampling hundreds of congresspeople per year for 1880 to 2022, drawn from
Aroyehun et al. (2025).2 We rate each transcript using gabriel.rate on a multiple of political and
rhetorical attributes, such as state-controlled economy (defined so that a high score means they
promote this idea), confrontational rhetoric, optimistic about technological progress, etc.
Verbatim definitions for selected attributes used in the body are provided in Table 4, and the full set
of all attributes is in Table 17 in Appendix A. The attributes are defined simply, in natural language.
We are not overly prescriptive or verbose and frame the measurements through concise conceptual
explanations of each construct (much like the instructions which would be given to a human coder), as

seen in Table 4.

The data labels produced by GABRIEL from congressional speeches could be used to assess partisanship

and polarization over any issue.

2For computational tractability, we sample 250 random congresspersons per year, concatenating the full set of their
remarks in that year into one datapoint. This leaves us with 250 concatenated speech transcripts (~ 5000 words each) for
every year from 1880 to 2022. Each transcript is unique to a specific congressperson in the specified year. Even after
sampling, this still provides a very substantial level of granularity into evolution over time.



Attribute Definition

international interventionism Supports active engagement in foreign affairs, including diplomatic, economic, or military
actions beyond national borders.

moral universalism Frames rights and moral claims as broadly applicable across groups and contexts,

emphasizing general principles over group-specific status hierarchies or local custom.

optimistic about technological Level of positive framing of science and technology as engines of future prosperity and
progress national strength. High ratings go to speeches envisioning breakthroughs, pledging
research investment, or celebrating innovation as a patriotic mission. Low ratings occur

when technology is treated cautiously, ignored, or framed mainly as a threat.

Table 4: Selected attribute definitions for Congressional remarks analysis. See Appendix A for all
measured attributes.

As we can see with the international interventionism attribute in Figure 1, attitudes towards
foreign action are remarkably bipartisan. In most years, it is not possible to distinguish the average
Republican from the average Democrat, in terms of how much they support foreign intervention. We
observe trends we might expect, such as brief pro-intervention language being used on the Congressional
floors around the McKinley presidency and WWI, as well as a large and secular increase in such
language following America’s entrance into WWII. These averages come entirely from individual
instances of GPT reading individual transcripts — there is no awareness of the overall picture or trend,
only the narrow task at hand. The ratings capture even recognizable smaller shifts, such as the Cuban

missile crisis era, the Reagan presidency, and the wars in Afghanistan and Iraq.

Congressional remarks rated by Gabriel (international interventionism)
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Figure 1: Support for international interventionism over from congressional speeches.
We observe a very different story when it comes to universalist moral framing (moral universalism)

10



in Figure 2 (Enke, 2020; Enke et al., 2023; Graham et al., 2009). We observe a general positive
trend over time, with Democrats generally scoring higher than Republicans. But the overall level of
progressive social discourse is fairly low, and remarkably bipartisan, until 2008 and the election of
Barack Obama (alongside the Great Recession). 2008 marks a clear discontinuity, with a sudden and
striking divergence between the parties’ congresspersons. Many other socially coded attributes and
interparty conflict attributes exhibit similar discontinuities in 2008; a few like opposing immigration

and focusing on racial issues diverge only in the 2010s.

Congressional remarks rated by Gabriel (moral universalism)
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Figure 2: Universalist moral values exhibited in congressional speeches.

Scholarly accounts differ on when the modern era of U.S. polarization begins. One view locates its roots
in the mid-1970s, when ideological distances in congressional roll-call votes began widening sharply
(McCarty et al., 2006; Poole and Rosenthal, 1984; Shor and McCarty, 2011). Others emphasize a
rhetorical realignment in the 1990s, when partisan identity became markedly easier to infer from speech
and media exposure expanded through cable news (Gentzkow et al., 2019; Martin and Yurukoglu, 2017).
A third line of work highlights the Obama era (2008-2010) as a turning point in the content of conflict,
documenting a racialization of policy attitudes and the mobilization of new conservative movements
such as the Tea Party (Tesler, 2012; Madestam et al., 2013). Finally, many studies interpret the time
around the 2016 presidential election as an intensification of long-running trends toward affective and

“sectarian” polarization rather than their origin (Iyengar et al., 2019; Finkel et al., 2020).

Our evidence here most closely aligns with the work that points to a fracture around 2008, at least in
Congressional speech. It is notable how Democrats and Republicans are essentially indistinguishable

on progressive social attributes from the mid-80s until 2008 — see Figure 2. While a few attributes
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signal pre-2008 strife in Congress (e.g. Figure 38 in Appendix A shows a spike in confrontational
rhetoric during the Newt Gingrich era), most attributes reinforce the 90s and early 2000s as the most
bipartisan era of the past century. The sudden and complete bifurcation around 2008 is striking, also
observed in Figure 37 in Appendix A. This may be explained by collegiality and Congressional norms
leading to a more rapid rupture than broader society, but it challenges narratives of a gradual increase

in polarization over decades.

Congressional remarks rated by Gabriel (optimistic about technological progress)
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Figure 3: Optimism about new technologies and their role in society, from congressional speeches.

Another surprising result is on how Congress speaks of technology and the future. Narratives often
argue that new technology was most beloved in early industrialization and has gained a negative
reputation today. Our analysis in Figure 3 shows the opposite is true, at least in Congress. Tech
optimism is near historical highs even in the social media era when looking at broad historical trends.
Belief in technology within Congress is also bipartisan and has not diverged between the parties in
recent years, unlike many social attributes. It tracks with bipartisan support for business and economic

growth still enduring in Congress even as some social attitudes diverge.

3.2. Example 2 — social media toxicity

The second example applies the same logic to a less formal setting: the internet. How toxic is the
conversation online? Once again, we use gabriel.rate, but this time on conversation threads on
Reddit.® Our data is obtained from ConvoKit Developers (2025).

30ur sample consists of ~100 Reddit conversation threads for each of 100 subreddits (community groups on Reddit,
such as “politics” or “Minecraft”). Each attribute — a list of samples is presented in Table 20 and the remainder are in
Appendix A — is scored on a 0-100 scale for every thread, and aggregated by subreddit community.
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Attribute Definition

toxic towards other users High when, across the conversation, participants direct rude, abusive, insulting, hateful, or
profane language at other users (e.g., using “you” + insults, tagging users to attack them).
Score higher if toxicity is frequent, sustained, escalatory, or involves multiple turns/users.
Do not count playful banter clearly taken in good faith or general world-negativity not

aimed at users.

expressing fandom High when enthusiasm for a topic/person/work is a recurring theme across the thread
(sharing favorites, lore, recommendations). Score higher if multiple participants join in or

the excitement drives the conversation.

content uninteresting to kids or High when topic/content is adult-oriented with minimal youth appeal, even to teenagers.
teens Low if the content is particularly interesting to kids or teenagers.

Table 5: Selected attributes analyzed on Reddit threads.

We find substantial heterogeneity in toxicity across topic matter areas. Some subreddit communities, like
POLITIC and conspiracy are overwhelmed by toxicity. Others, like pokemontrades and askscience
are largely devoid of it. This suggests that online content as a whole is not toxic — pockets of it are.

Figure 41 in Appendix A showcases this heterogeneity.

Variations in target audience explain the variations in heterogeneity. In Figure 4, we present evidence
that the subreddits that are most relevant to adults are also the most toxic. In general, content areas
likely to be consumed by children exhibit much lower levels of toxicity — suggesting that exposure to

toxicity by children online may be less than one would instinctively believe.

3.3. Example 3 — county-level high school curricula

In our final example, we push LLMs beyond the analysis of existing data and into the consolidation of
genuinely new data which would be prohibitively costly and slow to assemble via manual collection.
We introduce a new web analysis method for understanding granular geographic variation in variables

of our choosing.

We focus on US history curricula by county. We want to know what rendition of American history is
taught in each county. This information does not exist in any clean or easily usable format. Curricula
are hosted on individual school websites or on a teacher’s webpage; they are, perhaps, described in
local news or discussed in parent forums. Bits and pieces of information are sprinkled throughout the

web, without aggregation.

We first use web-enabled GPT models to “scrape” the dump of unstructured information about each
county and turn it into a cleanly organized report on what each county’s curriculum emphasizes. In
essence, we use a web-enabled model to conduct numerous web searches for each county to retrieve and
synthesize county-relevant curriculum sources into a structured report. From the vast pile of disparate
information online, GPT consolidates a raft of relevant primary sources into these county specific

reports. We present samples of these for three counties in Table 16 in Appendix A.

We now have a clean database: for each county, a text representing an amalgam of the US history
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Figure 4: The subreddits most likely frequented by kids or teens are the least toxic.

curricula taught in that county’s schools.* We use the gabriel.rank method to rank these county
reports on various attributes, listed below in Table 6 and presented fully in Table 18 and Table 19
in Appendix A. These attributes include how positively technology is portrayed, how much certain
phases of history are emphasized in the county, and so forth.> Below, we include full map results for a
sample of attributes, as well a correlation table against demographic variables for the entirety of the
attribute set in Figure 7. Across all maps in this paper, blue means that the relevant attribute is being
manifested more (e.g. for focus on technology blue areas have a higher focus on technology while

red areas have a lesser focus).

“We can directly apply a method like gabriel.rate to the internet. The intermediate step of generating reports is
optional but boosts consistency.

5The rankings are created through a large number of pairwise comparisons between a random pair of county reports.
Similar to the chess ELO system, GPT decides which county “wins” on manifesting each attribute more. That county’s
score increases on an attribute for every win. The magnitude of increase depends on the prior rating of its competition —
if it beats a county which already had a low score, its increase is small since the win was expected. These rankings give us
continuous numerical variables which represent the essence of core features about what is taught in each county, allowing
us to understand the spatial variation in education with an extreme level of granularity.
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Attribute Definition

positive portrayal of rugged Teaching celebrates self-reliance and frontier spirit as core American virtues. More of this
individualism could show up in stories of pioneers, startup entrepreneurs, and assignments praising
personal initiative over collective action.

focus on technology and Highlights how inventions and scientific breakthroughs shaped U.S. history. More of this
historical innovation might involve case studies of the cotton gin, railroads, wartime tech, or Silicon Valley with

timelines of major milestones.

positive portrayal of the new Curriculum casts FDR’s New Deal programs as largely successful and transformative.
deal More of this might be seen in highlighting job creation numbers, WPA art showcases, and
brief acknowledgment of critics.

Table 6: Selected U.S. History curriculum attribute definitions.

Many patterns are as expected: we see more socially liberal curricula in politically liberal counties, and
more religious content in conservative counties, as measured by net democrat vote share. Even so,
in Figure 7, the correlation strength between many curriculum attributes and political lean is striking.
A county’s political lean explains much of its degree of focus on race. The county’s percent Black

population does not, after controlling for political lean — see Table 22 in Appendix A.

Other attributes follow non-political patterns. We see a greater focus on historical technology and
innovation in the South (definition in Table 18 in Appendix A). We also see a more positive portrayal
of the New Deal in the South. This may be explained by New Deal projects in the South, particularly
in the Tennessee Valley, which exhibits the most positive portrayal on the map. We also find rugged
individualism and America’s natural beauty most celebrated in the rural West (attributes from Table 19
in Appenfix A).5

Using GPT to measure concepts on the web — or within its extensive internal knowledge — unlocks a
great deal more possibility than just text analysis itself. People have written trillions of words and
filmed billions of hours of content online. If captured correctly, GABRIEL could analyze the reviews
of every local park in Europe, or quantify attributes of every church in America. Text analysis alone
affords a manyfold increase in usable data for social scientists; unstructured text analysis offers even

more.

These examples highlight the potential of GABRIEL as a measurement tool. But concerns remain.
How provably accurate is GPT at these measurements, when compared to human labeled data? Is it
adept at only a narrow range of tasks, or does its measurement acumen generalize broadly? Is GPT
actually measuring an attribute, or has it memorized its label from its training data? Is it directly
measuring an attribute like pro environment from a speech transcript, or is it merely guessing based
on general political lean? We seek to address these concerns in our next section and return to the

example of school curricula later in the section as a validation case.

SFor illustrative purposes, we apply the same methods to capture broader cultural attributes at the county level. We
allow GPT to scour social media and other local channels for each county and compile a compendium of how locals from
each county talk, and what they value. The map in Figure 42 in Appendix A shows where hard work is most valued by
local netizens, in what they post online.
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ELO Rating for focus on technology and historical innovation

Figure 5: GPT with web scraping allows us to examine extremely granular novel data. In this case,
GPT examines US History curricula at the county level and quantifies where different ideas are
emphasized.
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ELO Rating for positive portrayal of rugged individualism
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Figure 6: Rugged individualism in school curricula follows a different pattern from race or technology.
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Figure 7: County US history curriculum attributes correlate with political lean (net democrat
share), but also many other demographic characteristics.
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4. Concerns

The preceding section illustrated what GABRIEL can do: it can quantify abstract qualities in text, assess
tone across online forums, and generate complex, spatially detailed maps of cultural or institutional
attributes. These examples demonstrate the flexibility of the system. But they also raise a deeper

methodological question: are these measurements valid?

The capacity to produce a map or rating at scale is one thing; the harder task is to ensure that these
numbers actually represent the constructs we claim to measure. This section turns to that question.
We formalize the main sources of potential error, design tests to evaluate each, and interpret their
results within the framework of empirical measurement. The goal is not to assert that GABRIEL or
LLM-based evaluation is flawless. Instead we provide empirical backing to clarify when and why it
can be trusted, compare GPT performance to commonly used human labeling baselines, and establish

transparent procedures for detecting and mitigating bias.

4.1. What can go wrong? (threats to validity)

We focus on two core features of measurement, each with multiple specific manifestations. First, we
want to ascertain that the LLM’s measurement is accurate, that is that it correctly reflects some true
version of the concept we want to measure. This can be either a human label of the concept, or some
measurement generated by a process independent from human labels. Second, we want to verify that
the LLM’s measurement is direct, namely that the LLM measures the concept at hand and does not

primarily rely on indirect inference (like shortcut inference or lookahead bias).

For accuracy, we focus on three distinct concerns:

1. Agreement with human judgments. Do GABRIEL’s ratings track what trained coders would
record on the same items? Across hundreds of human labeled datasets, we compare GABRIEL’s
ratings to the human annotations. In datasets with multiple human labelers, we check whether

GPT measurements are different from the natural variability amongst a group of humans.

2. External validity and prediction of ground truth. Can measurements predict outcomes
beyond human labels (e.g., stock returns or credit scores)? Performing as well as humans is already
very useful, but human labels are not necessarily the gold standard. “Performing well” should
include evidence that the variables capture real explanatory signal: the human defined concept, not
just the human evaluation. Similarly, disagreement with human annotations does not necessarily

mean GPT error — it could indeed be outperforming the humans against ground truth.

3. Prompt brittleness and noise. Do different prompts or attribute definitions yield different
measurements? For GPT measurements to be reliable, we need the noise (randomness in exact
wording) of the prompt to not affect the output. GPT should produce similar ratings if the prompt
is brief or discursive. If the intended task is the same, we wish for GPT to understand the core
intention and concept irrespective of stochastic noise in phrasing. If the intended attribute definition

has a subtle but salient difference, GPT should respect that difference where it applies.
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For directness, we further address two possible sources of bias:

1. Contamination risk. Are performance estimates inflated because the model previously “saw” the
dataset and its labels? This is not about whether memorization is occurring, but whether GPT is
using any such knowledge in its measurements rather than comprehending the text at hand. If GPT
is indeed relying on memorized labels, we should observe poor performance against human labeled
datasets released only after the model’s training cutoff. We should also see knowledge-poor tiny
models (such as gpt-5-mini) perform much worse, given these models are too small to memorize

random texts and datasets. This addresses past evidence from papers including Ludwig et al. (2025).

2. Shortcut inference (faking the measurement by measuring something easier). Are ratings
contaminated by correlated cues (e.g., inferring “pro-environment” from partisan identity rather than
the text’s environmental content)? If we remove the direct signal from the text (all environmental
content) but preserve everything else: the “pro-environment” should attenuate. If it does not, GPT
is inferring it from other attributes, like political lean. We can use these “signal stripped” ratings

econometrically to create debiased ratings as well.

The subsections that follow address each of these concerns sequentially, beginning with an overview of

the accuracy of LLM measurement.

4.2. Accuracy of LLM measurement
4.2.1. Evaluation #1: performance against labeled data

Our first step in validating the accuracy of LLM measurements is to compare the ratings directly to
established human labels. If the model’s assessments track human judgments on the same items, we
gain initial evidence that it measures the intended construct rather than noise. This is imperfect,
since human evaluations are not ground truth; but it provides a first pass understanding of model
performance. Human labels are also widely used in research, and just achieving performance parity

with humans at computational scale would be very useful.

We begin with four demonstrative datasets, comparing GABRIEL ratings to the human labels. We
assess whether GABRIEL ratings are indistinguishable from human labeling. We then apply GABRIEL
at scale across hundreds of labeled datasets, showing high accuracy across a broad range of text topics
and attribute types. Unlike most prior work, our assessment does not cherrypick single positive or

negative example datasets but tests GPT labeling against a large sample of actual datasets.

GABRIEL performance against illustrative datasets We start with three datasets to measure
performance against human labels on a battery of different numerical features. The datasets were
chosen because each has continuous numerical outcomes rated by multiple humans per observation.
This allows us measure the natural inter-rater disagreement for humans, meaning we can not only test

accuracy, but whether GABRIEL is indistinguishable from any given human labeler. The datasets are:

o Varieties of Democracy (vDem). This data includes expert-coded assessments of political and
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institutional characteristics across countries and years. Each country-year observation is coded
by several independent experts (typically 5-10), who evaluate roughly 500 political indicators on
ordered categorical scales. The resulting dataset spans over 200 countries and territories from 1789

to the present, yielding more than 30,000 country-year observations.”

o Formality scores (Pavlick & Tetreault, 2016). This dataset contains 11,274 English sentences drawn
from diverse online sources including news, blogs, emails, and question / answer forums. Each
sentence was annotated by multiple human raters who evaluated the perceived formality of language

on a continuous scale ranging from -3 (very informal) to +3 (very formal).

 Stanford Politeness Corpus (Danescu-Niculescu-Mizil et al., 2013). The Stanford Politeness dataset
consists of 10,956 utterances collected from Wikipedia Talk pages and Stack Exchange forums. Each

utterance was annotated by several crowdworkers who rated its politeness on a 1-25 scale.

In each instance, we first compare the human mean to a single run of GABRIEL. Then we test whether

the GABRIEL rating can be told apart from a human rating, using inter-rater variability.

We also replicate a simpler textbook task from traditional machine learning. We download thousands
of Metacritic reviews — user reviews of films — and estimate the score attached with the review (out
of 100) based purely on the text. This is our fourth curated example. Together, these four examples
span a wide conceptual range and collectively provide a test of whether GPT-based measurement can
reproduce human labels. Definitions are included in Appendix A in Table 26 for the 21 vDem variables.
We attempt to match the original definitions given to human labelers wherever possible. When these
are not provided, we still measure the same attributes as the humans but we define the attributes as

closely as we can match the available information.

On this initial set of tests, we find that GABRIEL measurements are very similar to human labels. We
find high correlations with consensus human labels across the board: lowest for politeness (around
0.55) and in the range of 0.7-0.8+ for vDemocracy (average of the 21 outcomes — see Figure 8 for
the overall score), formality, and Metacritic (Figure 9). We see a clear pattern of improvement across
models. While the oldest generations of models are passable but mediocre at the tasks, frontier models
like gpt-5 achieve the highest performance. Our Metacritic example in Figure 9 also provides initial
evidence that contamination bias is not a major driver of performance — there is no dropoff in accuracy

after the model training cutoff. We return to contamination bias in more detail later.

In Figure 10, we see the average performance of three leading LLMs across our sample texts. The
most advanced model, gpt-5, obtains top performance across the three task sets, at 0.78 correlation to
humans for formality, around 0.71 across the vDem tasks, and 0.55 for politeness. gpt-5-mini performs
nearly as well across the tasks despite being a far smaller model, with gpt-5-nano lagging further
behind.

"We select 25 of the measured variables with consistent availability and reflecting a range of outcomes and randomly
subset to 10,000 country year pairs. For each pair (e.g. US 1823) we ask the model to generate a numerical rating of the
feature at hand — for instance, “freedom of the press”.
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vdem democracy score

vdem democracy score vs. gabriel democracy score
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Figure 8: In replicating overall human expert vDemocracy ratings, GABRIEL on gpt-5 is a nearly
exact match (so is the tiny gpt-5-mini model, where label contamination is unlikely). GPT
comprehends each country’s history and is well-calibrated on rating the provided democracy definition.

Pearson correlation

Metacritic score correlation over time: gabriel vs. baselines
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Figure 9: Predicting Metacritic rating given review. GABRIEL dramatically outperforms older zero
shot techniques. Identical performance before / after training cutoff indicates no contamination bias.
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Model-Human Correlation by Dataset
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Figure 10: Average performance for frontier models on three illustrative datasets.

Is GABRIEL indistinguishable from interhuman variance? These correlations, particularly
for gpt-5 and gpt-5-mini, are strong and appear close to the ceiling of what r is plausibly achievable.
We test this below. The attributes we are evaluating are subjective — they depend on a qualitative
understanding and interpretation of a text and data. They require understanding of a broad and
abstract construct such as what it means for something to be “polite”. To achieve correlations of 0.7
or above means that there is in practice strong agreement with human consensus. It would be very
difficult to achieve correlations of the order of 1 or even 0.9 on a task that allows such a significant

degree of discretion to the labeler.

We can test whether models are as good as human labelers by leveraging the fact that each of these
texts was rated by multiple humans. If GPT’s agreement with the human average is indistinguishable
from each individual human labeler’s agreement with the human average, then GPT measurements are
as good as a human’s. Indeed, humans display substantial levels of disagreement among themselves —
see Table 24 in Appendix A. We compare the model correlation to human average (MH) to the human
correlation to human average (HH). For model correlation MH, we simply correlate the GABRIEL
rating for each text against the human annotator average for that same text. For human correlation
HH, we take the correlation of each human 7 against the consensus judgment of all other humans and
take the average of these one-hold-out correlations across the set of all humans. This one-versus-rest
measurement is an easily interpretable test for correlation with humans, and it has been used widely,
including in Buse and Weimer (2008); Lau et al. (2014); Koto et al. (2021); Bavaresco et al. (2025).

For each attribute we measure (formality, politeness, and the 21 vDem outcomes), we test whether
HH differs from MH and whether humans match consensus better than the model. We find that HH

does not exceed MH and in many cases MH exceeds HH: the model matches consensus better than
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individual humans. More detail on these tests is provided in Appendix D.

While the top models slightly underperform humans on the formality task, they outperform humans on
both the politeness task and on the vast majority of the 21 vDem variables. Our tests verify that these
differences are statistically significant. For gpt-5, the frontier model, across all 23 tested variables we
find that GABRIEL outperforms humans on 13 (12 vDem outcomes and politeness), underperforms
humans on 3 (2 vDem outcomes and formality), and is statistically indistinguishable from humans on

the remaining 7 outcomes. Small models including gpt-5-mini perform similarly well.

These results show that on this set of tasks, the correlations we observe to human consensus should be
interpreted as near the ceiling of potential . The capriciousness of these tasks means even individual
humans correlate with the human consensus about as well as GABRIEL. GABRIEL is generally not
distinguishably worse in performance than a typical human rater and frequently ezceeds humans in
terms of ability to match the consensus judgment.

Model-Human vs Human-Human Agreement Across Tasks
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Figure 11: Human-Human (HH) and Model-Human (MH) consistency. GPT agrees with the human
consensus as well as humans agree with each other; this indicates that GABRIEL performance is as
high as possible against human labels.

Testing GABRIEL on hundreds of human labeled datasets Does this performance hold up in
general? It is a common fear that machine learning performance may be highly uneven across subject
matter. Vafa et al. (2024b) argue that LLM capabilities do not generalize across domains.

Evidence on frontier LLMs mostly supports the view that they are general purpose comprehension
machines, and understand a broad range of text, just like humans. Frontier model cards from OpenAl,
Google DeepMind, and Anthropic show that GPT-5, Gemini 2.5 Deep Think, and Claude Sonnet 4.5
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attain frontier-level performance across an unusually wide range of tasks — competition math, broad
reasoning, open-ended factual QA, high-stakes health advice, safety-sensitive dialogue, multimodal
understanding, long-context retrieval, and software engineering (OpenAl, 2025b; Google DeepMind,
2025; Anthropic, 2025).

While those evaluations prove general text / image reasoning and comprehension on standardized tests,
we provide empirical evidence on how model performance actually holds up across a large number of
labeling and measurement tasks, consistent with our results from the four datasets above. We want
large-scale empirical grounding that LLLMs do understand concepts across the board with relatively

small variation in competence between tasks, like humans and unlike prior machine learning approaches.

To this end, we aggregate a new set of hundreds of human labeled datasets available on the HuggingFace
data repository. Many of these human labeled datasets are affiliated with real academic work that
commissioned the labeling. Our methodology aims to test generalized performance by capturing as
many topics and tasks as possible without any systematic source of bias. Pipeline details on how
the datasets were obtained appears in Appendix C. Figure 12 shows a stylized representation of our
process to create the new benchmark with around 300 full-text annotated datasets. For each dataset,
we replicate the original human labels using GABRIEL and measure how well the model matches

human evaluators.

Detailed results for the systematic replication task are in Appendix A, e.g. Table 29. Here, we study one
subset of the tests that we run: a series of over 1000 distinct binary classification tasks from the data,
where the goal is to determine whether a text is an instance of some class. Each task contains up to 200
distinct text observations. For instance, in a simple example we might ask whether a newspaper article
is a sports article, or we might ask whether a part of a legal filing is a pleading or a judgment, or
whether a given political speech is anti immigration. Each of these distinct tasks was sourced from
the corpus of human labeled datasets from HuggingFace and contains both the texts and the human
consensus label for each. We measure both raw accuracy and F1 score. F1 score balances precision
__ 2Xprecision Xrecall

and recall in cases where the observations are imbalanced across classes through F; = Drecision  recall

where 0 means total failure and 1 means perfect performance.

24



[Input: HuggingFace text datasets; ~317,000 candidates.

1. Tag filtering
Result: ~3,000

2. License filtering
Result: ~2,200

3. Inclusion screen (LLM)
gabriel.classify applies:

doc-level, gold labels, text-

only, not QA, complete.

Result: 372 viable

4. Acquisition &
prep (mechanical)
Result: 338 successful

5. Parameterization
(LLM) & evaluation
(n > 1, cross-model)
Params via GPT-5 call; eval-

uation via gabriel.rate

/ gabriel.classify.

P
Initial tag filtering
annotations_ creators € {expert-generated, crowdsourced, human-

curated}; exclude “machine”.
L J

¥

p
License filtering : MIT, Apache, CC, etc. (low restriction
only).

&

~

J

[Initial candidates ]

¥

Inclusion classification (LLM)
gabriel.classify

Criteria: document-level, gold labels, text-only inputs, not QA,

complete.

Meets
inclusion?

Viable datasets (372 possible)

!

A4
Clean & reformat: normalize splits, columns, labels.

Y
Identify call parameters (LLM)
GPT-5 call produces: task type, input/label fields, met-

rics, ...
.
¥

[ GABRIEL call (LLM; model-agnostic)
gabriel.rate or gabriel.classify (can run on various
models).

Download dataset

J J L J -/

N N ) )

A
e N
Evaluate performance: compute accuracy, recall, sanity
\checks.

J

v
[Eval results: e.g. accuracy = 0.90, recall = 0.83 ]

Y

Eval set generation (n =1): ~317k — 3k — 2.2k — 372 viable datasets.
338 cleaned & parameterized; parameters generated by an LLM (GPT-5).

' |
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Model Performance Across 1,141 Binary Classification Tasks (weighted by n_obs)

1.0
Model
[ gpt-5-nano
I gpt-5-mini
0.8 [ gpt-5
L 06
o
o
[92]
c
o]
]
= 04
0.2
0.0

Accuracy F1
Figure 13: Classification accuracy (percentage agreement with humans) across over >1000 different

classification tasks in >300 different text datasets, GPT labeling closely matches the human baseline.
Inexpensive distilled models do well also.

Classification accuracy by dataset type (two models)

Model
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B gpt-5-nano

e-commerce or product review
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sentiment (positive/negative/neutral)
emotion (fine-grained)
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government or parliamentary
threats or violence

dialogue or conversation

identity attack

hate speech

translation or multilingual

toxic or offensive language
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stance detection
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natural language inference (NLI)
sexually explicit

news or journalism
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Figure 14: GABRIEL labels are similarly accurate on human labels irrespective of text topic /
classification task. This indicates general usability, unlike prior machine learning approaches.

In the aggregate, as depicted in Figure 13, we find that the models perform well across the board on

this large-scale evaluation. We observe high average performance in classification accuracy and F1
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score for these binary classification tasks (of the form “is this text an instance of X”) — in Figure 43
in Appendix A — and high correlation across a much smaller set of continuous numerical variables.
While there is variation between tasks, the IQR range is on balance relatively narrow (~ 0.7-0.9+ for
classification with leading models) and even accuracy on the 10th percentile task remains at around or
over 0.5 for frontier models. This does not guarantee that the LLM will perform well on every single
task. Instead, the evidence shows that LLMs in frameworks like GABRIEL can generally perform well

across a scope of tasks reflecting real research and its use of human labeling.

This high accuracy is consistent across very different types of text and very different conceptual
attributes being measured. This evidence indicates that LLMs are comprehending in a general fashion.
A purpose-built approach using prior ML techniques would not have this flexibility to drop into any

measurement task and perform accurately.

We again observe intermodel variation in performance, with the most recent frontier models in the
gpt-5 series achieving leading results, outperforming legacy models like gpt-3.5-turbo. The best models
achieve median accuracies of 0.85, with an inter-quartile range of more than 0.7 to near 0.95. This
tightness suggests both that the model is performing well on average, and that it is performing well on

the vast majority of tasks.

Two additional observations from this test suggest that performance comes from reasoning, not parroting
of training data. First, more advanced and expensive models which are simply better on independent
evaluations like reasoning ability (like gpt-5 versus gpt-4o) perform better here too. Simply put, more
intelligent models perform better. There is a clear return to intelligence in improving output, which

suggests that output quality is indeed a product of intelligence or reasoning.

Second, model intelligence appears more important in output accuracy than model size. Small distilled
models like gpt-5-mini only slightly underperform the base model like gpt-5, and they outperform
large models like gpt-40 which lack reasoning capabilities and perform worse on reasoning-intensive
assessments. This indicates reasoning is the primary feature that explains performance. Further, small
models do not have the ability to retain large amounts of facts / keep much data in memory. The
fact that they only slightly underperform much larger base models suggests that contamination is not
driving the results. If pure regurgitation were the driver instead of reasoning, we would expect slightly

older large models like gpt-40 to outperform tiny distilled models like gpt-5-nano. The opposite is true.

Takeaways The tests in this section validate the use of LLMs as accurate measurement tools in

three key ways:

1. Broadly as valid as humans. On our tests against human labeled data, GPT measured similar

labels and ratings as did the human annotators.

2. A general purpose measurement tool. Unlike prior literature (and unlike the capabilities of
prior machine learning approaches), GPT measurements are accurate across a range of labeling

exercises, without any conditioning or manual validation / tweaking for the specific labeling task.
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3. Broadly indistinguishable from individual human labelers. We not only observe a high
correlation between GPT labels / ratings and the human consensus but also that this correlation is
about as high as is possible, given that individual human raters disagree with the human consensus

generally as much or more than GPT does.

4.2.2. Evaluation #2: predicting ground truth

Human labels are useful, but they are not always ground truth or the gold standard. To further assess
the accuracy of LLM measurement, we shift to evaluating attributes which are directly observable from
some external process or data which does not rely on subjective human annotation. Ideally, LLMs can

exceed the capabilities of human labeling, not simply match it.

Estimating county level credit scores We begin by replicating recent estimates of creditworthiness
across space from the Opportunity Insights Credit Atlas (Bakker et al. (2025); Opportunity Insights
and U.S. Census Bureau (2025)). This example is notable in part because the data was released entirely
after the training cutoff for the models we use in the analysis, meaning that the data is fully unseen by

the model (and no data of this form or granularity had been published in the past).

Using the same methodology as our prior examples with school curricula, we generate county level
reports of consumer purchasing trends and use these to estimate willingness to borrow money at
the county level. The definition is provided in Table 7, and other attributes of interest we measured are
in Table 21 in Appendix A. Our goal here is simply to measure one attribute about cultural attitudes
which could plausibly be measured from online text and compare it to an empirical measure of a
manifestation of that cultural attribute. We are not assessing causality: our interest is to measure a

manifestation of the ground truth attribute purely from text.

We compare our measurements with the ground truth estimates of credit score and find a clear, strong
monotonic relationship between our web-based estimates and the ground truth data in Figure 16.
Because the text-based measurement never “sees” the credit data (and the data was released after the
model’s training cutoff, more on this in the next section), this co-movement is strong evidence that

GABRIEL’s variables capture real structure in the world.

Attribute Definition

willingness to borrow money Residents express comfort with debt as a normal tool for everyday life and big purchases.
More of this might appear as upbeat comments about financing cars, payday loans, or

juggling multiple credit cards.

Table 7: Attribute definition for credit score analysis.
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Figure 15: County level analysis of local internet content on people’s willingness to borrow money.
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Figure 16: Our willingness to borrow ratings correlate well with county level credit scores. Our
measurement was conducted prior to the credit score data release.
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Replicating World Values Survey results with GPT’s internal knowledge We also test
GPT’s measure of country-level opinion on certain value-based questions, a ground truth measurement
collected by the World Values Survey (WVS) (Survey, 2022). We find that even one shot ratings purely
based on GPT’s internal knowledge (no additional web scraping like above) can replicate survey series.
We don’t expect pure reliance on internal knowledge to perform well at the county level like above, but

GPT has expert level knowledge on each country’s culture and manifests that here.

GABRIEL vs WVS: homosexual couples are viewed as capable parents GABRIEL vs WVS: cultural importance of god
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Homosexual couples are as good parents as other couples (WVS)
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homosexual couples are viewed as capable parents (GABRIEL) cultural importance of god (GABRIEL)

Figure 17: GPT’s understanding of country level opinion / values correlates well with WVS results.

Taken together, these tests — alongside a third ground truth example around persuasiveness of
arguments in Figure 46 in Appendix A, the Metacritic analysis, and other applied results throughout
the paper (history classes, political event studies, tech history) — support the claim that GPT is

measuring signal anchored in ground truth, not merely agreement with human labels.

4.2.8. Evaluation #3: prompt brittleness and noise

We next turn to how much the prompt matters in getting an accurate measurement. Prompts — like
instructions to human labelers — can be very different from one another. In theory, this could lead to
different measurements. Similarly, if expertise is needed in writing a prompt, this could limit possible
usage by researchers. We desire the noise of prompt or attribute definition wording not to matter,

while a substantively different attribute is measured differently.

Testing the brittleness of a measurement prompt We test whether prompts matter by per-
forming the same attribute rating task on 300 State of the Union snippets, but with 100 different
variants of the standard GABRIEL prompts. All the prompts aim to do the same core rating task,
but the variants are dramatically altered in language and length from the base GABRIEL prompt.
We achieve this diversity by using gabriel.seed to create 100 mutually exclusive style guides, then
gabriel.whatever to vary the base gabriel.rate prompt in accordance with each style guide. Then
we rate the SotU snippets with each prompt, and correlate their ratings to the baseline GABRIEL run.

Examples of the prompt variants are seen in Table 8.
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Example prompt variants

Prompt #1. Read {{ text }} front to back, then for every trait in {{ attributes | shuffled_dict }} hit one
crisp 0-100 JSON stat you independently assign on that attribute’s own direct track. (32 words)

Prompt #2. Peruse thou the whole of the foregoing text with utmost diligence—from the first syllable unto the
last. Skim not, nor hurry thy gaze; rather, apprehend the entire discourse in depth, heeding even the most obscure
and well-hidden subtleties that may lurk in its latter parts.

Thy charge: For each several quality or property hereafter named, thou shalt render a judgment. .. (563 words)

Prompt #3. OK LISTEN 4 INSTRUCTIONS:

U gotta read all this text thing, like from top to bottom, no skimming, no “meh good enough.” Try to actually get
what it means, even the sneaky subtle stuff hidden in the middle or wherever. .. (423 words)

Table 8: Example prompt variants used to elicit attribute ratings. See Figure 36 in Appendix A for
the default GABRIEL prompt.

Average correlation to baseline by attribute of 100 prompt variants
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Figure 18: Significant variation of the measurement prompt has little effect on the measurement.
Prompts need not be perfect.

Prompt variant length vs. correlation to baseline GABRIEL prompt
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Figure 19: Very short prompts perform similarly to the GABRIEL default prompt.
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We find that different prompts get very similar results. The accuracy of GABRIEL measurements as
shown previously is not due to our specific prompt, but a general capability of GPT which can be
utilized with many prompting approaches. More importantly, long and sophisticated prompts do not
appear to add much value. More broadly, prompt engineering can matter in other task families (e.g.,
multi-step reasoning or tool use) (Chen et al., 2025), but in our rubric-based measurement setting we
do not see systematic gains from longer or more elaborate prompts. In Figure 19, we see that our 100
prompt variants are diverse in word count, with some under 100 words. But even very short and
unsophisticated prompts result in essentially the same ratings as the baseline GABRIEL

prompt, or as other prompt variants.

Testing the brittleness of attribute definitions We also test attribute noise: when the same
concept is intended, how much the specific wording of an attribute definition matters. We use the same
approach as above to create 100 different definitions for each of the 10 attributes. Like before, each
variant aims to reflect the same core concept to measure, but with wildly different style and wording.
Each set of attribute variants are passed through the default GABRIEL prompt on the same 300 SotU
snippets. Unlike before, the baseline here is the attributes with no definition provided at all, meaning

GPT has to simply rely on its interpretation of concepts like patriotic rhetoric.

Avg corr to baseline by attribute (definition variants)
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patriotic foreign policy  supportive of pro welfare populist anger towards religious isolationist institutionalist optimistic about
rhetoric focus rugged state other party rhetoric technological
individualism progress
Attribute

Figure 20: When the same concept is intended, noise in attribute definition wording has little effect.
Anger is less consistent, but it has a low base rate.

Like prompt noise, attribute noise appears to have a minimal effect on ratings. The results indicate
GPT attends to the core task at hand and core concepts to measure, and is is not meaningfully affected
by format and styling. It appears that defining attributes is not always necessary because
GPT understands the underlying concept of an attribute like institutionalist well. The exception
here is the anger towards other party attribute. This is perhaps due to it having near the lowest
average rating, though it may indicate that more ambiguous concepts like anger are more subject to
change based on a definition. See Figure 47 in Appendix A for the baseline ratings distributions across

snippets.

Are measurements overanchored to a generic concept? The prior results are a positive sign
that GPT has a strong and consistent understanding of core concepts behind attributes, and is attending

to concept and not the noise. But this can be problematic if these understandings are too anchored. It
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is desirable that researchers can consistently measure the concept they intend, regardless of phrasing.
It is undesirable if GPT is not measuring the concept they intend because it is anchored in a different

more generic definition, where there is a subtle but important distinction.

We test this by synthetically generating 3000 tweets (using gabriel.whatever) that invoke pro-
environment views. One third of these focus only on clean energy; another third on plants and
landscapes; the final third on animals and wildlife. Using gabriel.rate, we measure each of four
facially similar attributes on each of the three datasets. The attributes, defined in Table 9, assess pro
environment and pro nature with no definitions. Separately, the same attributes are assessed but
with leading definitions (pro environment only through the lens of clean energy, pro nature only

through the lens of plants / landscapes).®

Attribute Definition

pro environment Supports the environment specifically by promoting clean/renewable energy or

reducing fossil fuels. Only consider this specific lens.
pro environment No definition provided.

pro nature Values nature specifically through the lens of plant life and landscapes (trees, forests,

flowers, wild places) and protecting them. Only consider this specific lens.

pro nature No definition provided.

Table 9: Attributes measured on synthetic tweets.

Table 10: Hlustrative GABRIEL ratings on synthetic short-form posts across three treatments.

pro-env  pro-env pro-nature pro-nature

Treatment Text (def) (no def) (def) (no def)
Clean Clean energy is the vibe—more wind, solar, and electrified rides so
energy we can cut fossil fuels fast. Let’s keep swapping gas for renewables 92 93 12 71

everywhere, because cleaner power means a cleaner future.

Give me a trail with tall pines, wildflowers, and a river cutting

Plants / through the valley—instant reset. Mountains on the horizon and 3 49 36 90
landscapes green everywhere just hits different, like the whole landscape is
breathing.

: Just saw a hawk circling and a line of deer slipping through the
Animals / It . S . .

idlife trees—wildlife is pure magic. Let’s give animals the space, quiet, 6 74 22 91
wi and protection they need to thrive out there.

8Each of the four attributes is measured alone in its own distinct run.
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Varying attribute definitions over synthetic environmental tweets
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Figure 21: The intended concepts are being measured. Ratings follow the specific attribute definition.

The test shows that when definitional differences matter, GPT correctly measures what
was specifically defined rather than the generic concept. When pro environment is defined
to only consider clean energy, it scores highly on the synthetic clean energy tweets and near zero on
the natural beauty tweets. The pro environment attribute with no definition does not behave this
way. Even subtle but salient differences between the definitionless pro environment and pro nature
attributes show up with pro nature not scoring as highly on the clean energy tweets (a common strife
amongst environmental activists). There will always be a tradeoff between too little and too much
conceptual anchoring. Too little means the model is brittle to noisy changes in wording. Too much
means the researcher cannot measure the subtleties they intend. This applies to both human and GPT

labelers. Our initial findings here indicate GPT is at a good balance point between these two concerns.

These results do not mean there is no potential for prompt bias. If a prompt or attribute is written
in leading fashion to rate one group of data higher than another, there will be bias, just like with
human labelers. However, these results show that as long as the researcher is writing a prompt with
scientifically sound intention — even if short and unsophisticated — the results will likely not be worse
than a “more engineered” prompt. Nevertheless, with GABRIEL we offer a standard set of validated
prompts to be used to avoid any concern, and we provide guidance in Appendix B on general best

practices for model usage.
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4.3. The directness of LLM measurements

The previous section addressed the accuracy of measurements from an LLM. Through a battery of tests
and across a range of applications, we find LLM measurements to be highly accurate. We next address
whether the measurements are direct. An LLM’s output could be accurate but indirect, based on
inference and not direct measurement of the concept of interest. We address two possible manifestations
of this: contamination bias (relying on memory instead of measurement) and shortcut inference

(relying on an alternate construct as a proxy for the one of interest).

The first theory (contamination bias) involves brute label contamination. It posits that when we ask the
model to measure something about a previously labeled text, those label-text pairs are in its internal
knowledge and are used when we ask it to label the text (as opposed to freshly comprehending the
text). Both conditions must be met for this to be a worry. If true, it would mean our prior tests may
not be indicative of out of sample performance. This is what Sarkar and Vafa (2024) and Ludwig et al.
(2025) observe in narrowly scoped situations, and it would constitute a form of indirect measurement

because the model relies on contaminated internal knowledge instead of reasoning for measurement.

The second theory (shortcut inference) concerns look-ahead bias and measuring by inference. This is
where the model knows something related and gives an answer based on the correlated signal, not the
actual signal. Suppose we task the model to measure optimism in a 2008 earnings report. It could
“infer” that the company did poorly that year purely because of the year 2008, or because it knows how
the stock ultimately performed in subsequent years. Either would be an indirect measurement, if they
are indeed happening. We first test the label contamination risk, like that elicited in Ludwig et al.

(2025). The following section then tackles shortcut inference.

4.8.1. Evaluation #4: contamination bias

Here we assess the degree to which GABRIEL’s outputs are conditioned by knowing its training data.
A frequent objection to LLM evaluations is the claim that the LLM has “seen and remembers” the
data. For instance, if we take a dataset of Metacritic reviews off the internet and predict the score
from the rating, some would claim that the reviews were in the training data and thus the model has

already seen those reviews and their corresponding scores.”

To provide empirical evidence on whether contamination bias is significant in practice, we use staggered
training cutoffs: different GPT models were trained on data that “cutoff” after a specific date, with no
data from after that date included in training. For the older models like gpt-3.5-turbo, these go back
to 2021. For the latest models, the training runs include new data listed on the internet through 2024.

We exploit this exogenous variation in cutoff dates to identify possible contamination bias. We can
simply compare pre- versus post-cutoff performance across many models, with the knowledge that the

cutoff date is arbitrary between models. If there is contamination bias, we would expect performance

9There are structural reasons we believe this to be an unlikely source of bias, namely that contamination bias is most
plausible for observations frequently repeated in the training data. We see it as unlikely that a single observation on a
single spreadsheet located somewhere on the internet is likely to bleed through meaningfully to a model with limited
space for internal knowledge. We see look-ahead bias as a far more salient concern.
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to decay after the training cutoff, because the models can no longer rely on the in-training knowledge

they had obtained previously.'0!

Our analysis in Figure 22 (for top models) and Table 30 in Appendix A shows no evidence of
contamination bias in our use case, when we compare label accuracy on the hundreds of HuggingFace
datasets pre- versus post-cutoff. None of the models exhibit a statistically significant difference in
mean accuracy before versus after their respective cutoffs. The same holds for F1 (overall true positive

/ true negative performance) scores.

Pre- vs. Post-Training Cutoff Accuracy (95% CI)
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Figure 22: Models perform identically at labeling HuggingFace datasets released before vs. after the
training cutoffs in mid-2024. Tiny models perform as well as big models. This evidence is inconsistent
with contamination being the primary driver of accuracy in these tasks.

Another relevant observation is that some of the models entail more risk of contamination than others,
yet none show a contamination reliance. Compared to small distilled models like gpt-5-mini, the far
larger base models like gpt-4.1 or gpt-5 have much more information stored inside the model, which
could in theory be used for regurgitation. The fact that neither these large models nor the relatively
low-information small models exhibit contamination trends suggests that the labels are indeed a product

of reasoning and not of regurgitation.

This is further supported by the evidence from Metacritic reviews seen previously in Figure 9. There

YOFor our evaluation, we obtain the first date of posting of each HuggingFace dataset in our large-scale compiled set
from the previous section, and use this as the relevant date to evaluate. We compare the dataset posting date to the
training cutoff date for each model to assess whether the data was in-training. For instance, a dataset posted on June 10th,
2023 would be in-training for a model cutoff of December 31st, 2023 but out-of-sample for a model cutoff of December
31st, 2022.

NStrictly speaking, it is possible that the dataset was posted elsewhere prior to the cutoff date and therefore that
the HuggingFace date is a later bound on inclusion on the Internet. While possible, we believe it is unlikely this would
materially affect the results of the test based on manual inspection of sample datasets in which we did not find widespread
evidence of easily accessible pre-posted versions of the datasets.
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is no evidence of any performance dropoff following the training cutoff for gpt-5, consistent with our
more systematic analysis in this section. Our analysis involving out-of-sample credit score data draws

similar conclusions.

On balance, performance is essentially identical pre- versus post-training cutoff. The results provide
large-scale quantitative evidence that contamination bias is a low risk. It could potentially be triggered
with highly engineered prompting, but reasonably standard use shows no evidence of contamination
bias. Our results suggest that the kinds of regurgitation documented elsewhere like in Sarkar and Vafa
(2024) and Ludwig et al. (2025) may be more likely under elicitation settings designed to trigger recall
than under standard measurement prompting, where the model must not just know something from

training data but actively use it.

4.8.2. Fvaluation #5: shortcut inference

The final concern is shortcut inference. By this, we mean the potential validity concern of GPT
not actually measuring the attribute of interest, but rather inferring it from other attributes. For
example, if GABRIEL is given a speech by a Labour MP in British Parliament and asked to rate
how pro-environment the speech is, we do not want GABRIEL to give a higher rating simply because
the speaker is liberal, or because other liberal opinions are mentioned in the speech. This would be
shortcut inference. We want GABRIEL to directly measure environmentalism in the speech; we do not

want this rating interpolated or affected by other attributes, like general political lean.

Here, we test whether shortcut inference is a legitimate concern in practice. We also propose an

econometric approach to debiasing GPT measurements, which should work with any text data.

Testing shortcut inference on synthetic speeches Here we look at political content. We want to
confirm that if GPT reads a Labour MP campaign speech and is asked to measure how pro-environment
the speech is, we are measuring the true pro-environment signal, not an inferred signal from general
left wing content. We create an empirical test for this by using GPT to generate 1000 synthetic (i.e.
fake, LLM-generated) campaign speeches for Labour MPs. These base speeches are standard, except
GPT is told not to include any environment related content in them. Separately we generate 1000
pro-environment paragraphs to append to the base speeches. The prompts used to make the speeches

are in Table 31, in Appendix A.

The key idea is to test shortcut inference using signal stripping. A speech may have environmental
content, and other political content from which environmental content could be inferred. Rather
than trying to mask any number of sources of shortcut inference, we instead remove the signal (all

environmental content) while holding the rest fixed.

We then use GABRIEL to rate the pro environment and left wing attributes on the base, environ-
ment stripped speeches. We separately rate the composite speeches which include the pro-environment
paragraphs. If there is shortcut inference, we should see non-zero pro environment ratings even on

the base, environment stripped speeches. This would be because GPT is inferring pro-environmental
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positions from context. The definitions for the attributes are in Table 11. Figure 45 in Appendix A
shows a detailed flowchart for this methodology.

Attribute Definition
pro environment Politician expresses a clearly pro-environmental stance within the speech.
left wing Politician expresses left wing ideas and policies (by UK standards) within the speech.

Table 11: Attributes measured by GABRIEL in synthetic speeches.

Effect of stripping out environment-related content
on synthetic Labour MP speeches
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Figure 23: We find little evidence of shortcut inference. When the signal is removed (environmental
content), GABRIEL ratings of pro environment almost fully attenuate (98%).

In Figure 23, we observe no apparent shortcut inference. When environmental content is stripped /
not included in the speech, the pro environment attribute rating almost completely attenuates (a
98% reduction). Importantly, the left wing attribute barely shifts, indicating the modification did

not alter the context where inference could be drawn from.

From this experiment, shortcut inference appears minimal. Using synthetic data allows the cleanest
proof of this. The results from Figure 21 support this finding when even easier shortcuts are available.

Next, we test real data that would be very high risk (in theory) for shortcut inference.

Testing shortcut inference on real data As detailed in Section 3.3, we employ GPT with web
searching to create reports on specific county level characteristics. Here we deploy this method to
tabulate local regulations of business in each county. One instance of GPT is deployed to one county,
and sets about scouring the internet from local government websites to Chambers of Commerce and

beyond. Then it pens a report on every piece of locally enforced business regulation it finds. We take
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consolidated versions of all these county reports and use gabriel.rate on many attributes, including

the restrictive environmental regulation attribute.

In theory, this test case should be among the most likely candidates for shortcut inference. There
are many smaller counties where detailed regulations might be harder to find. At the same time,
GPT knows much about each of these counties, and could easily infer an attribute like restrictive
environmental regulation from its knowledge of the county’s general political lean and demographic

character (this attribute is strongly correlated with political lean).

We approach our shortcut inference test like before by removing the signal. We use GPT to find and
excise all environmental content (with gabriel.codify), leaving everything else untouched. We are
essentially making all reports have absolutely no signal on how that locality regulates environmental
issues, while leaving in powerful political identifiers like the county name and how everything else is
regulated. We can remeasure the same attributes on these signal stripped reports. If GABRIEL is
acting as we wish, we should observe the restrictive environmental regulation attribute rating
attenuate to zero across the country, as there is no environment related signal remaining in the reports

to directly measure.

Attribute Definition
restrictive environmental Local rules impose substantial environmental constraints on business activity (beyond
regulation typical state or federal baseline), such as strict waste disposal requirements, stormwater

controls, limits on certain materials (like single use plastics), recycling or compost
mandates, idling limits, or green building requirements for commercial properties. More of
this shows up as detailed ordinances, extra permits, and strong enforcement language
aimed at business compliance.

high local business taxes Local government imposes substantial business tax burdens (business license taxes, gross
receipts taxes, local sales tax add ons, special assessment districts, high permit and impact
fees, or recurring annual fees). More of this shows up as fee schedules with multiple
recurring charges and revenue programs explicitly targeted at business activity.

Table 12: Attributes measured by GABRIEL in local business regulation reports.
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Figure 24: Maps of restrictive environmental regulation. Left is original; right is after signal
stripping. Removing environmental content attenuates the ratings by 81%.
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We observe substantial attenuation in Figure 24. We see ratings drop toward zero even in areas that
previously had high signal. This evidence supports that GPT is doing what it is asked to do: it is
directly measuring the attribute in front of it. If that attribute is removed but could still easily be
inferred, it is not inferring it because we have asked it to measure the text only. Importantly, we can see
in Figure 25 that while signal stripping for environment attenuates the restrictive environmental
regulation attribute, it has little effect on other politically correlated attributes, like high local
business taxes. This indicates our environment stripping is precise, and only removing text related

to environment and nothing else (also confirmed with manual inspection).

Figure 25: Maps of high local business taxes. Left is original; right is after signal stripping.
Removing environmental content does not affect non-environmental attributes (<10% change).

Similarly, if we simply anonymize the county name and any descriptors in the reports that might give
away the county, we see no effect on the ratings. This is consistent with the ratings being driven by

text content rather than by county identity.

We prefer the signal stripping approach to this anonymization method. There could be any number of
sources for shortcut inference — it could be the county, it could also be other political aspects of the
report. By stripping the signal itself (environmental content) rather than the potential sources of bias,

we can address the full scope of shortcut inference rather than any one specific possible source.

Why don’t the ratings completely attenuate? Looking closely at the environment stripped
ratings map from earlier, attenuation is substantial but not complete (81% reduction), unlike the
synthetic experiment (98% reduction). Ratings do not fully reach zero, and there is still a correlation
(albeit weak) between the original ratings and the environment stripped ratings. This could be due
to shortcut inference, but it could also simply mean the signal stripping process was not complete.
Examining the data, we see that the environment stripping process was imperfect. This would explain
the difference from the synthetic experiments, where the synthetic data generation process allows more
explicit control to ensure all environment content was removed. For that reason, we view the synthetic

results as a cleaner signal on the existence of shortcut inference.

But we can still account for this imprecision in real data signal stripping with a separate GABRIEL
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run to measure a much simpler attribute — prevalence of environmental content. This attribute
should tell us whether environment related content persisted after signal stripping. We find that it
does, and that much of the remaining restrictive environmental regulation non-zero ratings
after environment stripping is explained by this prevalence of environmental content attribute.
In other words, imperfect signal stripping explains much of why the ratings did not fully attenuate
to the degree of the controlled synthetic experiment. We propose next an econometric approach to

creating debiased ratings in real data, factoring in imperfect signal stripping.

An empirical approach to debiased GPT ratings For each document ¢, we measure an attribute
twice: (i) on the original text, yielding an original rating y;, and (ii) on a signal-stripped version of the

same text, yielding a stripped rating s;.!2

We conceptualize the original rating as the sum of a direct-signal component and an inference component:
yi =ti + b + i, (1)

where t; is the desired direct measurement of the signal present in the text, and b; captures any
inference-based component that the model might measure from contextual cues rather than direct

signal.

If stripping were perfect, the stripped rating would isolate the inference component (s; ~ b;), and a
natural debiased estimator is the difference:

T =y — 5. (2)

In practice, stripping may be incomplete, so the stripped text may still contain residual signal. To
quantify this, we additionally measure 7;, the prevalence of signal-related content remaining in the
stripped text. We treat r; as a proxy for the amount of leftover direct signal that survived the stripping
step. We then use the relationship between s; and r; to estimate how much of the stripped rating is

mechanically driven by remaining signal:
8; = Qs + 01 + i, (3)

where ¢ translates the remaining signal measure into units of the stripped rating, and 7; captures the

part of the stripped rating not explained by remaining signal.'3

We estimate 6 by OLS in the equation above and define the inferred (non-signal) component for

12We confirm linearity applies to the signal stripping process in fig. 48. We do this by using the gabriel.codify
function to perform the stripping, by first identifying all snippets of text from the underlying documents that are related
to the signal. We can then remove a varying percentage of those snippets randomly. We see that as the percentage of
snippets removed increases, measured ratings consistently decline. Establishing linearity is important because of the
possibility that shortcut inference only occurs at higher levels of signal-related content.

13This method is vulnerable if higher remaining signal correlates with with high true signal (which is likely) and high
true signal is particularly vulnerable to shortcut inference (which is unlikely, given our linearity findings in fig. 48).
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document ¢ as the portion of the stripped rating not attributable to remaining signal:
/Z;i = S§; — (57’,‘. (4)

Finally, we define the debiased estimate of the direct signal as:

~ ~

fi=yi—bi=yi—si+0r (5)

When stripping is close to complete (so r; is near zero), this reduces to the simple difference estimator

o~

ti = Yi — Si.

Debiasing results on our data We find that the debiased rating strongly correlates with the
original rating — see Figure 26 (regression table is Table 32 in Appendix A). The shift is modest
and the explanatory power is high. This is true whether or not we include the remaining content
variable; excluding it leads to a slightly lower R? of 0.68. The R? here of 0.86 is as high as the R?
between the signal stripped and original high local business taxes ratings (also 0.86). Recall that
this was the control attribute meant to be unaffected by environment stripping, implying a ceiling on
how consistent the ratings can be here. The debiased ratings show no practical difference from the

original ratings and do not indicate a significant shortcut inference problem at hand.

restrictive environmental regulation vs. restrictive
environmental regulation (debiased)
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Figure 26: Regressing the debiased ratings against the original. There is little change; there appears to
be little to no shortcut inference in practice. Correlation is important because most applications rely
most on the relative ordering of entity ratings, not the raw value.
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Takeaways All our methods described in this shortcut inference section are accessible using the
gabriel.debias function on any text data, to ensure debiased measurements. But our initial finding
is that debiasing may be unnecessary: we observe little evidence of shortcut inference in our tests.
Our main result is on synthetic data, which allows us to eliminate the complication of incomplete
signal stripping. In these experiments, ratings almost entirely attenuate and are not inferred from
context when the signal is removed. Our debiasing method is more compatible with real data and
shows a similar lack of shortcut inference. We also test the related concern of look-ahead bias (GPT’s
foreknowledge of outcomes affecting measurements) in Appendix A.4.1 (Sarkar and Vafa, 2024). In

that test, we similarly do not observe shortcut inference.

We do not prove here that shortcut inference bias is zero, and low power statistical methods are
sensitive to even small biases. Yet our evidence suggests that the theoretical problem of shortcut
inference is not a significant problem in practice. GPT appears to act as intended: comprehending a

text and measuring the signal it is tasked with measuring, not inferring a measurement from context.

5. Applying GABRIEL to study the history of technology adoption

Here we cover a full usage example to motivate what is possible for a social science researcher today by
using in conjunction many LLM methods like those GABRIEL offers.

How much time does it take for technology to be adopted? This is a challenging question to answer
empirically. There is no comprehensive dataset of all technologies with their lags from invention to
adoption or their core characteristics. It is difficult to understand what makes a technology slow or

fast to be adopted, or how the lags to adoption have changed over time at scale.

A large diffusion literature shows that adoption is typically gradual and S—shaped, reflecting comple-
mentary investments and organizational change rather than invention alone (Griliches, 1957; Mansfield,
1961; Rogers, 2003). Work on general-purpose technologies argues that systems like electrification
and computing require substantial reorganization before productivity gains are visible, producing
long adjustment paths (Bresnahan and Trajtenberg, 1995; David, 1990; Gordon, 2000; Brynjolfsson
et al., 2017). Cross-country studies measure adoption timing and document wide dispersion across
places and periods, but available datasets cover a limited set of technologies and provide relatively few
comparable attributes for explaining why some diffuse faster than others (Comin and Hobijn, 2010;
Comin and Mestieri, 2018). This gap motivates our approach: a large-scale, attribute-rich new dataset

that identifies invention to adoption time lags and technology characteristics for systematic analysis.

In this section, we leverage a sequencing of many GABRIEL tools to create this novel dataset with tens
of thousands of industrial age technologies. For each one, we extract a series of data including invention
and widespread adoption dates; inventor and location; technology class and various attributes of the
product itself. With this, we show how GABRIEL can measure new data usable in a real research

setting.
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5.1. Methods

To create our dataset of historical technologies, we begin with the ~18 million set of all article titles in
the English Wikipedia. Wikipedia is a good source for extracting the names of historical technologies.
It is a far more massive encyclopedia than any other. This means it more thoroughly covers every time
period and every category of technology. In addition, Wikipedia links to each technology are unique,
helping to prevent duplicate technologies with slightly altered names from appearing in the dataset.
The existence of a Wikipedia page on a technology is itself a starting indicator that the technology is

not completely obscure. We discuss validity of Wikipedia as a data source in Appendix C.

Our method involves a succession of GABRIEL steps — a fully GPT based pipeline. We filter the
initial articles, categorize them, identify important technologies, and extract information about them.
Figure 27 shows the core steps, and the full method is described below. These steps narrow us from ~18
million initial candidate articles to ~25k industrial age technologies, and populate each with numerous

extracted and measured characteristics. This is the dataset on which our results are based.

Initial filtering We first pass all 18M Wikipedia article titles through gabriel.filter, a high
throughput classification filter for massive datasets. This method sends 500 random article titles to
each individual GPT call (gpt-5-nano). GPT outputs the subset of those titles which are historically
significant technologies (the specific “historically significant technology” filter condition is in Table 35
in Appendix A). The filter call is repeated three times, and any title which is classified as a technology
at least once moves on to the next round of more rigorous screening. Approximately 1M article titles

meet this criterion.

Next, we simply repeat the same exact filter step on these 1M article titles. The smaller population
allows for a more detailed filtering, at a higher standard. This time, only 100 random titles go to each
GPT call (since a higher fraction are likely to be technologies), and this filtering is rerun 11 times.
Article titles classified as historically significant technologies more than 50% of the time (at least 6 out
of 11) move on. After some programmatic string deduplication, this leaves us with ~200k candidate

technologies.

Deduplication The next step is to perform a more intelligent and thorough deduplication using
the gabriel.deduplicate method. While Wikipedia helps to avoid duplication (since riffs on the
same concept map to a single article title), duplicates still sneak through. Examples include different
variants of the F-16 fighter jet, or different iterations of the iPhone. Our method works by first using
embeddings similarity (vector representations of the conceptual meaning behind sentences) to create
clusters, each containing 500 conceptually similar technology candidates. Each cluster of 500 is passed
to its own GPT call, which is instructed to map all slight variants of the same technology to their best
representative term, also from the same list. We repeat this for five rounds of consecutive deduplication.

This results in ~100k unique candidate technologies.
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[ Input: 18M English Wikipedia article titles ]
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Figure 27: The GABRIEL pipeline used to assemble the historical technology dataset. Left braces
denote stages and the number of candidates after each stage; right column shows the detailed methods.
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Precise filtering After this, we have a small enough dataset to cost-effectively use gabriel.classify.
This method passes a single technology candidate to a GPT call to classify whether it meets certain
conditions. It is thus relatively more expensive than gabriel.filter, but allows the model to devote
much more attention to each individual candidate observation. The classification labels are “historically
significant”, “specific product edition”, “specific unit” (e.g. a specific battleship), “widely adopted by
target audience” (which can be quite small, in the case of something like EUV lithography), and “not
a technology”. The final technology list is composed of those candidates classified as True for “widely

adopted by target audience” and False for the other labels. This results in ~37k technologies.

Extracting information and characterizing each technology With filtering concluded, we
next characterize the technologies using gpt-5, a larger and more knowledge-rich model. Again with
gabriel.classify, we classify each of the 37k technologies into 16 tech categories (e.g. “computer

7”@ PA N4

software”, “medical”, “communication”, “military”). We use gabriel.extract to get specific and con-

”

sistent information about each technology. Extracted information includes “year of invention”, “year of
wide adoption by target audience”, “institution of invention”, “institution type”, “country of invention”,
“subregion of invention”, etc. We also use gabriel.rate to quantify certain qualitative attributes on

7”@ FA 14

each technology, including “large and bulky”, “productive usage requires new infrastructure”, “requires
highly specialized training”, “easy to update”, and so on. All attributes we measure are defined fully
in Table 36 and Table 37 in Appendix A. No other features were measured beyond those listed. We
now have a final dataset of ~37k technologies with information on the tech category, years of invention
and adoption, region and institution of origin, and notable attributes quantified on each technology.
For our purposes, we restricted the data to ~25k industrial era technologies, invented between 1800

and 2010 and widely adopted by the present day.

Specific definitions for extracted attributes, including the years of invention and adoption, are provided
in Table 34 in Appendix A. The invention year was defined as the year that technology first had a
working prototype / the year the tech is commonly agreed to have been invented. Adoption year is
more complicated. Our definition uses the year that marks widespread adoption by the technology’s
target audience. This could mean wide adoption by Americans for the bicycle, or wide adoption by
semiconductor foundries for EUV lithography machines. This way, we are capturing true adoption and

regularized use of the technology, which in most cases would not be used by most of the population.

Human labeling to extract these datapoints for 37k technologies would be infeasible. Most people do not
know almost any of these facts and would need to spend dozens of minutes of internet research to procure
them. GPT holds much of the required information inside its internal knowledge, something impossible
with humans. In our small scale manual validation tests, we found GPT extracted years to be accurate
and general GPT knowledge about the technologies to be robust, without observed hallucinations. While
there is inherent uncertainty in a year of wide adoption by target audience for a technology, the
GPT measurements appear accurate based on manual verification on a sample. The years when many
productivity enhancing technologies are recorded as becoming widely adopted correlates positively with

GDP growth. There is no such correlation if the adoption years are lagged by 10 years or increased by
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10 years. This provides some evidence that the adoption year measurements are relatively precise.

Attribute Definition

year of invention The singular, precise year that this technology was first invented or the first working
prototype was built. The year of first prototype/invention is the year that the first
working prototype of this technology was created (NOT some unrealistic concept work but
a working, legitimate prototype); it will usually be the same year that this technology is
commonly agreed to have been invented. The prototype may have been subpar in
performance and capability, and it may not have been publicly revealed at the time.
Careful consideration of the internal development and earliest versions of prototypes must
be done to ensure you are isolating the true earliest working prototype and not just an
early product. This is usually NOT the year of the first product release, but the year of
the invention/first working prototype which comes before, sometimes well before. Report

the precise year of invention alone (no rounding).

year of wide adoption by target The single, specific year that marks widespread adoption and use of this technology by its

audience target audience. By this year, the tech has clearly become widely adopted and accepted as
normal by its target audience, and it has reached a level of polish sufficient for it to be
genuinely useful and productively beneficial to users in its intended role. Importantly, the
technology could still grow and improve after this year (e.g., the iPhone was widely
adopted by 2012 even though it improved iteratively afterwards). This is the year it was
complete and functional enough to have merited AND succeeded at acquiring mass

adoption by its target audience.

inventor The full name of the person most responsible for inventing this technology. Report the

inventor name alone.

institution of invention The institution where this technology was first invented. Report the institution name

alone. Report “unknown” if you do not know, or if there was no specific institution.

country of invention The country within which this technology was first invented (NOT the birthplace of the
inventor, but where the invention was first made). Report the country name in standard
modern English (“United States,” “China,” “United Kingdom,” “Japan,” etc.), even if the

country went by a different name at the time of invention.

Table 13: Extracted attributes for each technology. All remaining attributes are in table 34.

5.2. Results

Adoption lags have shortened dramatically over the industrial age. Our key result, in
Figure 28, is quantifying a secular and dramatic speed up in tech adoption lags over the industrial
era. The 19th century was characterized by 40-60 year lags from when a technology was first
invented /prototyped to when it was widely adopted by its target audience. By the 21st century, these
lags have reduced tenfold. Adoption lags today are on the order of five years, not fifty.'* This is a
defining shift of modernity, and it has potentially meaningful implications for how new technologies
like AI might invade the economy much faster than older tech revolutions. The dynamo is not the

computer, and the computer will not be Al

14We removed all technologies invented after the year 2010, to mitigate an artificial shortening of lags due to the 2025
terminus date (all techs have to have been widely adopted by the target audience at some point). This 15 year cushion
helps avoid this problem, alongside observing a long running trend with no apparent distortion at the tail.
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Figure 28: Time from prototyping to wide adoption of technologies has fallen tenfold over the

industrial era.

Dependent variable: adoption lag

(1)

year of invention -0.224%**
(0.004)
Observations 24431
R? 0.254
Note: " p<0.1; 7 p<0.05; 7 p<0.01

Table 14: Tech adoption has sped up over time.

Tech specific attributes explain speedier adoption.

We wish to explain this secular trend, as

well as the high variance between individual technologies: why does the adoption in some technologies
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lag while for others it does not? We can study this by examining excess lags, or how technologies
behave relative to their contemporaries.'® Table 15 shows the regression results for this analysis under

various specifications.

We unexpectedly find that while computer software is a fast adoption tech category in absolute terms,
it is not particularly fast relative to its contemporaries in other categories. Our evidence suggests
then military tech adopts the fastest, with 27% shorter adoption lags than its contemporaries — see
Figure 29.

Examining the trends of tech categories over time, we find this result reflects the urgency of war:
military kit devised at the beginning of a war must be made usable for that same war. We see a
similar result looking at the type of institution each technology was invented at. Tech born out of
the military sees the fastest adoption, and corporate tech is faster paced as well. On the other side,
technology invented in academia is the slowest. The effects here are likely a combination of how much

the institution cultivates speed and the selection of technologies each institution specializes in.

We now seek to understand how more nuanced, tech-specific attributes explain excess adoption lags.
We wish to look beyond broad tech categories and examine the explanatory power of various attributes
belonging to the technology and its development cycle. These include how large and bulky the
technology is, its reliance on network effects for usefulness, how well financed its early development

was, etc. Again, these attributes are specifically defined in Table 36 and Table 37.

Many of these attributes show patterns we might expect but previously have been unable to quantify.
Complex supply chains, reliance on network effects, bottlenecks involving academic research, containing
many parts, and so on all correlate with increased adoption lags. Competitive, geopolitically motivated,

and iterative technologies move faster.

A few attributes show unexpected results. Requiring specialized training correlates with shorter
lags while easy to use technologies correlate with longer lags. Large and bulky technologies also
move somewhat faster. This may have to do with a business vs. consumer usage differential or

multicollinearity; more analysis is required.

These results are not causal and indeed some outcomes we measure are plausibly endogenous. Here,

we focus mainly on an initial descriptive attempt to describe these trends at large scale.

Put together, these attributes (which are the totality of those measured in this experiment) explain
23% of the variation in excess adoption lags. This is a powerful result towards understanding why some

technologies move slower than others. Using GABRIEL allows us to test many hypotheses quickly.

The results provide evidence contrary to our original hypothesis that Al has properties friendly to

15For each technology, we construct a window of 7 years around its year of invention (3 years before, 3 years after). We
compute the average adoption lag across this window. We then take the ratio between the specific technology’s actual lag
and the surrounding window’s average lag for its contemporaneous technologies. If our specific technology in question has
a shorter lag than its contemporaries, we know that for some reason it was relatively fast in adoption. We can then seek
to explain that relative speed or slowness. The “excess lag” approach allows us to control for the dominating secular
trend. Computer software is adopted very quickly, but that could be because it is a recent technology, not because it has
uniquely speedy properties.
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Dependent variable: adoption lag (ratio)

(1) (2) 3)
dramatically increased worker productivity (z) -0.012%*F*  -0.023*** -0.027***
(0.005) (0.005) (0.005)
requires highly specialized training (z) -0.032%**  -0.025%** -0.022%**
(0.008) (0.008) (0.008)
large and bulky (z) -0.047FF€  _0.050%** -0.054%**
(0.008) (0.008) (0.008)
contains many parts (z) 0.016** 0.027%4* 0.028%**
(0.007) (0.007) (0.007)
useless in early days (z) 0.195%** 0.192%#* 0.186%**
(0.007) (0.007) (0.007)
intense competition to develop (z) -0.023*%**  -0.016** -0.019%**
(0.006) (0.006) (0.007)
inventor was highly eccentric (z) -0.007 -0.008* -0.013***
(0.004) (0.004) (0.004)
long time to install (z) 0.049%** 0.043%#* 0.040%**
(0.009) (0.009) (0.009)
expensive (z) 0.104*** 0.114%** 0.118%**
(0.009) (0.009) (0.009)
productive usage requires business reorganization (z)  0.073*** 0.058%#* 0.055%**
(0.007) (0.007) (0.007)
productive usage requires new infrastructure (z) -0.069%**  _0.079%*** -0.07T***
(0.009) (0.009) (0.009)
easy to update (z) -0.014** -0.011* -0.013**
(0.006) (0.006) (0.006)
high fixed costs in product development (z) 0.107*** 0.095%*** 0.099%**
(0.010) (0.010) (0.010)
reliant on network effects (z) 0.009* 0.008 0.012%*
(0.005) (0.005) (0.005)
early mass manufacturing challenges (z) 0.032%** 0.031*** 0.021**
(0.008) (0.008) (0.008)
well financed (z) -0.099***  -0.096*** -0.074%**
(0.008) (0.008) (0.008)
strong geopolitical incentives (z) -0.077FF* _0.041%** -0.036%**
(0.006) (0.008) (0.008)
reliant on academic research (z) 0.163%** 0.146%** 0.143%**
(0.006) (0.006) (0.007)
easy to use (z) 0.077%** 0.078%** 0.081***
(0.006) (0.006) (0.007)
widespread excitement by target audience (z) S0.127FF* 0. 127*** -0.1317%%*
(0.005) (0.005) (0.005)
reliant on complex supply chains (z) 0.054%** 0.073*** 0.079%**
(0.009) (0.010) (0.010)
largely iterative (z) -0.037*FF%  -0.035%** -0.030%**
(0.005) (0.005) (0.005)
Observations 24404 24026 23492
R? 0.203 0.220 0.228
primary category - v v
institution type - - v
Note: " p<0.1; 7 p<0.05; 7" p<0.01

Table 15: Tech specific qualitative attributes explain why technologies reach adoption slower or faster
than their contemporaries. A lower ratio means speedier adoption than contemporary technologies.
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Excess adoption lag by tech category
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Figure 29: Though there is wide variance, some classes of tech (like military kit) are adopted much

faster than others.

particularly rapid adoption. From these results, it appears that computer software is not faster than

its contemporaneous tech; easy to use, high fixed cost, reliant on research breakthrough technologies

like Al appear to move meaningfully slower. At the same time, these effects appear to be dominated

o1



How has tech changed? (set 1/4)
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Figure 30: The nature of technologies has evolved greatly over time. The requirement of specialized
training peaked in the 1960s and has fallen in the computer age. New tech has gotten smaller and less
dependent on new infrastructure.
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How has tech changed? (set 3/4)
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Figure 31: Tech is easier to update and iterate. Academic research maintains importance in new tech
but peaked in the late 20th century. Network effects matter much more for recent tech.
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by the first order phenomenon we outlined earlier. There is a massive secular decline in adoption lags

leading into the present, where today’s tech is widely adopted on the order of 5 to 10 years.

These results lead us to the overall takeaway of expecting relatively fast adoption of major technology

today. The implications for modern technologies like artificial intelligence would be significant.

The technologies and their origins have changed greatly over time. We next look at our
measurements over the industrial era, to gain a descriptive understanding of how technology has evolved

in its properties and origins.

We observe the rising dominance of American innovation in the late 19th century, coinciding with
the US becoming the leading economic power (Figure 32). However, unlike the GDP statistics, while
America reached its peak percentage of global GDP in the early 20th century, its total dominance in
innovation is a more recent phenomenon.'® In our dataset, the share of technologies attributed to
U.S. origin rises to roughly 60-70% in recent periods, even though only 20 to 30% of global GDP has
been American. This highlights how GDP today may be a poor proxy for who is driving GDP growth

tomorrow: innovation appears much more concentrated in America than economic activity.
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Figure 32: The countries seeding invention. The US slowly builds a dominant lead beginning in the
late 19th century.

Looking at subregions within countries: the top five invention powerhouses over industrialization are
London, Paris, and three American states — see Figure 33. California’s dominance today is particularly

striking: this one state is responsible for over a quarter of new technologies in our dataset. No other

16While US bias is worth keeping in mind, the prior work and replications using other data covered in the methods
section indicate there should be no strong US bias.
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subregion in the world has held such an expansive role in innovation over the past two centuries. Put
together, in our sample just three states — California, New York, and Massachusetts — account for

more inventions than the other 47 combined.

Where was it all made?

0. California /
—— 1Ile-de-France
- New York

0. = London
- Massachusetts

v vy

share
(o]

1800 1825 1850 1875 1900 1925 1950 1975 2000
year of invention

Figure 33: The states / subregions powering invention. California, New York, and Massachusetts
account for more than half of all American invention over the industrial era.

Beyond polity, the institutions where invention happens have changed dramatically (Figure 34). The
pre-industrial and early industrial inventions were mostly the creation of independent builders. But
over industrialization, the homemade invention has largely disappeared (with a small comeback in the
software era) while corporate invention has become dominant. We might expect independent inventors
to be more capricious and less resourced in turning prototypes into products. Indeed, our earlier result

showed faster adoption of corporate innovation — but without strong explanatory power.

We run a final deduplication step, which allows us to group together similar institutions — like the
various labs at MIT into the single “MIT” bucket. Then, we find the most prolific inventor in history
to be AT&T — better known by its historical moniker of Bell Labs — see Figure 35. Bell alone was
responsible for 3% of industrial era inventions that GABRIEL could attribute to an institution. IBM
was a close second, and MIT led all universities. This data could offer new insight into how profitable

(and potentially monopolistic) companies innovate in fields tangential to their core business.
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Figure 34: Companies are now the leading driver of global innovation.
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Figure 35: The most prolific institutions of invention. Bell Labs and IBM lead; MIT leads all

universities.

o7




6. Conclusion

Our aims are threefold: demonstrate the potential of LLMs as a measurement tool on qualitative data,
validate these measurements, and provide a validated way for social scientists to use easily LLMs on

their own data.

To our first aim — we applied GPT as a measurement tool to a broad range of research questions,
from Congressional polarity to social media toxicity to the nature of tech adoption. By applying
GPT’s comprehension talent to the universe of text data, we showed a broadening in the types of
research questions that are possible to answer, and answer at low cost. Previous county level analyses
of American culture have taken very substantial time and resources; LLMs allow us to capture highly
granular stories on the geography of American culture and education within hours. Prior datasets on
historical technology adoption have had at most around a few hundred technologies. Ours amounted
to over 37,000, alongside quantitative ratings for a variety of qualitative attributes of each technology.
These in turn enabled us to observe trends only visible at such scale, such as the secular quickening of

tech adoption and the tech specific attributes which explain faster and slower technologies.

To our second aim — we found LLM measurements to be generally accurate. Across hundreds of labeled
datasets on a broad range of subject matters, LLM measurements closely matched human labels. These
measurements were generally indistinguishable from interhuman variance. Indeed, LLM measurements
were often more in line with the human consensus than individual humans were, indicating broad parity
or superiority of LLM labels to human labels. We found that results were robust to the length, wording,
and sophistication of the prompt or attribute definitions. We confirmed the accuracy to human labels
was truly due to GPT’s comprehension talent, not that it had somehow memorized the labeled data
in its training as regurgitation tests would suggest. We found that shortcut inference — guessing an
attribute from context rather than measuring it directly — does not appear a major practical problem
in LLM measurements. All these results indicate that LLMs can be a valid and accurate instrument to

measure attributes on qualitative data, at least to the extent that human evaluators are.

To our third aim — we built the GABRIEL library to be easy to use across the social sciences. It
can measure the extent to which different attributes are manifested in text, images, audio recordings,
entities, and the internet. It also contains a range of other helper tools. These include creating
crosswalks to merge datasets, extracting structured facts about entities, deidentifying PII, passage
coding, deduplication, dataset filtering, novel ideation, taxonomization, and feature discovery. Our
library is open source and free to use or modify. Our validation exercises were conducted using our
library and its prompts. This allows researchers to spend less time on onerous validation tests and

technical setup; they can instead focus on analyzing their data and answering their questions.

There exists an extraordinary amount of qualitative data, relative to quantitative data. These posts
and websites and pictures and interviews tell stories with richness, granularity, and scale. Our evidence
suggests that using LLMs can help capture this richness at scale, with quantitative rigor. With cheap
intelligence on tap, a wide range of concepts can be flexibly quantitatively measured in natural human
data.
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We believe the validity risks of GPT measurements to be modest. We have presented evidence that
GPT measurements are generally at least as good as the common practice of human labeling. This does
not prove GPT measurements are infallible, but it does indicate they are typically at least as reliable
as the regularly accepted practice of human measurements. LLM labels appear to be a practical and
valid substitute in the settings where one was willing to tolerate human label fallibility. In Appendix

B, we provide a list of best practices for LLM usage like those in this paper.

Language models are new and the evidence is incomplete. GPT is not a human mind, and our
understanding of its approach to different tasks is still primitive. But we believe the benefits likely
outweigh the uncertainty. The opportunities are beyond automating human labeling as it is used today.
GPT measurements are orders of magnitude cheaper and more scalable. More than merely easing
past research designs: GPT can tackle previously unanswerable research questions on novel scales and
sources of data. GPT measurements increase the scope of usable data manyfold, and thus meaningfully

expand the space of testable questions.

Language models can comprehend qualitative data at a broadly human level of competence. They are
also thousands of times cheaper, faster, more accessible, and more scalable than comparable human
efforts. These two facts form the basis of GABRIEL and our findings. They are supported by our
validation exercises. If both are true, they should allow for something new and vital in the social

sciences: quantitative rigor on qualitative texture.
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A. Additional figures, tables, and results

A.1. No additional figures for Section 1: Introduction

A.2. Additional figures for Section 2: The GABRIEL package

BEGIN TEXT ENTRY

{{ text }}

END TEXT ENTRY

Read entire text content carefully-start, middle, end.
Do not skim; comprehend whole text deeply,

including subtleties buried deep in the content.

Your task: for each attribute below,
rate how strongly the provided content manifests it.

BEGIN ATTRIBUTES

{{ attributes | shuffled_dict }}

END ATTRIBUTES

Each dictionary key is an attribute.

If a definition is provided, use it to anchor judgment;
otherwise use your best consistent definition.

BEGIN RATING SCALE

{% if scale %}

{{ scale }}

{% else %}

Use integers 0-100 (inclusive). low = absent; high = extreme; mid = moderate.

Use the full range and every increment; do not round to 5s/10s.

Extremes are rare: use near O only if truly absent and near 100 only if overwhelming.
Use moderate intermediates (e.g. 19, 67, 32) to account for nuance where applicable.
{% endif %}

END RATING SCALE

Method (per attribute): pick one exact integer. Stick to provided scale.
Interpret gradations as: absent—faint—moderate—abundant—extreme.

Rules:

- Judge each attribute independently and separately from each other

- Absolutely no indirect inference from other attributes

- Only measure the direct signal of each attribute alone in the content

Output JSON only, in following format:
{

"<insert attribute name here>": <insert corresponding rating here>

}

Attributes you are measuring in the content are:
{{ attributes.keys() | shuffled }}

Assess EVERY attribute; no drops.

Figure 36: Standard prompt used in GABRIEL to rate attributes on text.
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A.3. Additional figures for Section 3: GABRIEL applications

Attribute

Definition

state-controlled economy

market-driven economy

redistributive economic policy

centralized federal authority

states rights

individualist social philosophy

international interventionism

progressive moral values

conservative moral values

formal oratory

confrontational rhetoric

optimistic about technological

progress

focused on business success

anti immigration

favors lower taxes

identity-salient rhetoric

moral universalism

Advocates extensive public ownership or direction of industries and resources, with the

government managing production and distribution.

Advocates free enterprise, private ownership, and minimal regulation, leaving economic
outcomes to supply and demand.

Supports high taxation and robust social spending to redistribute wealth and reduce

inequality across society.

Believes the national government should hold broad powers and responsibilities relative to

lower levels of government.

Believes political power should primarily reside with state or local governments, limiting

the reach of federal authority.

Prioritizes personal autonomy, self-reliance, and individual rights over collective
obligations.

Supports active engagement in foreign affairs, including diplomatic, economic, or military

actions beyond national borders.

Supports reforming social norms to expand rights and opportunities, challenging

established conventions when needed.

Upholds long-standing moral codes and social norms, valuing continuity in family, faith,

and community practices.

Employs polished, measured language and a structured style rather than casual or

colloquial speech.

Tends to criticize or attack opponents directly, using adversarial language rather than

focusing solely on policy arguments.

Level of positive framing of science and technology as engines of future prosperity and
national strength. High ratings go to speeches envisioning breakthroughs, pledging
research investment, or celebrating innovation as a patriotic mission. Low ratings occur

when technology is treated cautiously, ignored, or framed mainly as a threat.

Prioritizes the interests of firms and entrepreneurs, emphasizing deregulation,

competitiveness, and private-sector growth.

Advocates restricting immigration flows, tightening enforcement, or limiting newcomers for

cultural, economic, or security reasons.

Advocates reducing tax burdens on individuals or businesses to promote growth or

personal financial freedom.

Treats group identity categories (race, gender, sexuality, ethnicity, religion, immigration
status, etc.) as central analytic or moral units, using them to structure claims about

rights, harms, or representation.

Frames rights and moral claims as broadly applicable across groups and contexts,

emphasizing general principles over group-specific status hierarchies or local custom.

Table 17: Definitions for Congressional remarks analysis.
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Excerpts from county reports

Whatcom County (WA). Ferndale School District (Whatcom County) — strong evidence of Native
perspective programming + a detailed online-course U.S. History description. .. Ferndale had multi-

ple relevant public sources: board policy/procedure text, a Native student club page describing social-
studies classroom involvement, and a Ferndale Virtual Academy (FVA) course catalog with explicit
U.S. History topic coverage. .. Ferndale’s instructional materials procedure includes criteria about rep-
resentation and balance. .. Materials should “provide a balanced presentation” of groups...Ferndale’s
“Cheskwin Club” page contains unusually direct language about Native students bringing perspec-

tive into classes: Students “go into social study and language classes to speak on the Washington

State history from the American Indian perspective.” (https://www.ferndalesd.org/deptprograms/
native-american-education/ches-kwin?utm_source=openai)...In the FVA Course Catalog PDF,
U.S. History is described with a clearer chronological span and explicit topics. .. The catalog states U.S.
History “will survey. ..the United States from 1880 to the present.” It explicitly includes “Native Amer-
ican history. . .to the west coast.” (https://ferndalehigh.ferndalesd.org/fs/resource-manager/
view/c8d4ccba-5c98-4540-8ec8-9890bcdc8026)

Charlotte County (VA). In Charlotte County’s middle-school US history (Grade 6), at least as rep-
resented in this posted booklet, the curriculum is not just names/dates: it explicitly includes analy-
sis tasks (artifacts, cause/effect, multiple perspectives, costs/benefits).. .. The first content standard in
the US History section is “Exploration to Revolution: Pre-Columbian Times to the 1770s.”... USI.4 in-
cludes “motivations for ... obstacles to ... accomplishments” of “Spanish, French, Portuguese, and
English” exploration, and “cultural and economic interactions” between “Europeans and American
Indians” leading to “cooperation and conflict,” plus “West African societies (Ghana, Mali, and Song-
hai).”...USL5 includes “life in the New England, Mid-Atlantic, and Southern colonies,” “specialization

. and interdependence,” and colonial life “from the perspectives of” “women,” “free African Amer-
icans,” “indentured servants,” and “enslaved African Americans,” alongside “political and economic
relationships” between colonies and Great Britain.. .. USIL.6 includes “issues of dissatisfaction,” “politi-
cal ideas” ... and ... Declaration of Independence, and “reasons why the colonies were able to defeat
Great Britain.”. .. USL7 includes “weaknesses and outcomes” of the Articles of Confederation, “historical
development of the Constitution,” and “major accomplishments of the first five presidents.”... USIL.8
includes “Louisiana Purchase,” “Lewis and Clark expedition,” “acquisitions of Florida, Texas, Ore-
gon, and California,” and inventions including “cotton gin,” “reaper,” “steamboat,” “steam locomo-
tive,” plus reform movements: “abolitionist” and “women’s suffrage movements.”. .. USI.9 includes
“states’ rights and slavery increased sectional tensions” and perspectives including “Union and Con-
federate soldiers,” “including African American soldiers,” “women,” and “enslaved African Americans.”

(https://4.files.edl.io0/6e01/06/24/25/192830-d4f1a66a-bb12-49cf-804a-7edafab4a2f6.pdf)

Bronx County (NY). Examples of explicit content emphasis posted by FDR HS. .. Under Unit 1
/ “11.1 COLONIAL FOUNDATIONS (1607-1763)” the page frames colonization as producing “cultural
contact and exchange,” and notes “social and racial hierarchies.”. .. Students trace “temperance and pro-
hibition movements” leading to the “18th amendment (1919).”...1t lists reformers and muckraking-era
figures. .. “Jane Addams and Hull House,” Jacob Riis’s “How The Other Half Lives,” Theodore Roosevelt,
Upton Sinclair’s “The Jungle,” Margaret Sanger, Ida Tarbell, and Ida Wells.. .. It explicitly includes:
“declining public confidence,” “America’s involvement in Vietnam,” “student protests,” “antiwar move-
ment,” “Watergate,” and “limit presidential power through the War Powers Act.”...Students “examine”
rights movements including “American Indian Movement” and “Brown Power (Chicano) movement”
(with “Cesar Chavez” and “United Farm Workers”), plus disability rights laws (“Individuals with Disabil-
ities Education Act [1975]” and “Americans with Disabilities Act [1990]”) and criminal procedure cases
(“Mapp v. Ohio,” “Gideon v. Wainwright,” “Miranda v. Arizona”). (https://www.fdrhs.org/apps/
pages/index. jsp?pREC_ID=2311823&type=d&uREC_ID=410962&utm_source=openai)

Table 16: GPT can find syllabi, booklets, guidelines, and a host of material from schools.
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Attribute

Definition

focus on native american history

focus on slavery

focus on the holocaust

focus on the civil rights movement

focus on the revolutionary war

focus on the civil war

focus on the vietnam war

focus on great american political

figures

focus on technology and historical

innovation

focus on current events

positive portrayal of the founding
fathers

positive portrayal of the confederacy

Substantial instructional time devoted to Native American societies, their encounters with
Europeans, treaty history, and modern issues. More of this attribute might show up as
dedicated units, primary-source readings from Native authors, and projects centered on

sovereignty and cultural contributions.

Detailed coverage of the trans-Atlantic slave trade, enslaved life, resistance, and slavery’s
economic and political impacts. More of this might be seen in sustained lessons, analysis

of slave narratives, and frequent links between slavery and broader U.S. development.

Explicit study of the Holocaust, its causes, events, and U.S. responses. More of this might
involve extended readings of survivor testimonies, unit-length projects, and reflection
essays on American foreign policy and human rights.

Comprehensive exploration of the 1950s—-70s struggle for civil rights (and related
movements). More of this might appear as multi-week modules, deep dives into landmark
legislation, and analysis of speeches by key activists.

In-depth attention to the causes, battles, ideas, and outcomes of the American Revolution.
More of this could include detailed battle maps, biographies of lesser-known patriots, and

reenactment or debate projects on independence.

Extensive treatment of the Civil War’s origins, campaigns, politics, and social
consequences. More of this might show up as multi-week timelines, primary letters from

soldiers, and role-plays of Reconstruction plans.

Significant classroom time spent on the Vietnam conflict, anti-war movement, and
Cold-War context. More of this might feature documentary screenings, oral histories, and

evaluation of shifting public opinion polls.

Curriculum emphasizes biographies and leadership of presidents, legislators, and landmark
policymakers. More of this could include regular “leader profile” assignments and

comparative essays on presidential doctrines.

Highlights how inventions and scientific breakthroughs shaped U.S. history. More of this
might involve case studies of the cotton gin, railroads, wartime tech, or Silicon Valley with

timelines of major milestones.

Regular integration of contemporary news into historical discussion to draw parallels and
contrasts. More of this could mean weekly news round-ups, editorial writing assignments,

and student presentations linking past to present.

Instruction frames Founding Fathers chiefly as visionary architects of liberty and
democracy. More of this might surface in celebratory language, limited critique of

contradictions, and hero-style projects.

Content depicts the Confederate cause or leaders in a sympathetic or valorizing light.
More of this might show up as framing secession as states’ rights, praising Confederate

generals’ “honor,” or downplaying slavery’s role.

Table 18: U.S. History curriculum attribute definitions. (1/2)
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Attribute

Definition

positive portrayal of manifest destiny

positive portrayal of the industrial

revolution

positive portrayal of the new deal

positive portrayal of the natural

beauty of america

positive portrayal of rugged
individualism

negative portrayal of us wars with

native americans

curriculum emphasizes patriotism

socially liberal curriculum

portrayal of america as exceptional

portrayal of america as sinful

curriculum emphasizes historical

racism

curriculum emphasizes christianity

Narratives present westward expansion as an admirable, inevitable American mission.
More of this might include triumphant language about settlers and minimal focus on
displacement of Native peoples.

Instruction emphasizes prosperity and progress stemming from 19th-century
industrialization. More of this could include praise for captains of industry and limited

discussion of labor abuses or environmental costs.

Curriculum casts FDR’s New Deal programs as largely successful and transformative.
More of this might be seen in highlighting job creation numbers, WPA art showcases, and
brief acknowledgment of critics.

Lessons accentuate U.S. landscapes and conservation efforts with national pride. More of
this might involve extensive use of national-park materials, photo essays, and romantic

descriptions in textbooks.

Teaching celebrates self-reliance and frontier spirit as core American virtues. More of this
could show up in stories of pioneers, startup entrepreneurs, and assignments praising

personal initiative over collective action.

Instruction critiques U.S. military campaigns against Native nations, emphasizing injustice
and violence. More of this might include terms like “genocide,” detailed massacre accounts,

and reflection on treaty violations.

Overall tone exudes national pride, foregrounding American achievements and symbols of
unity. More of this might be daily pledge recitations, flag imagery, and consistent framing

of U.S. actions as benevolent.

Curriculum foregrounds social-justice themes and systemic critiques across historical
topics. More of this may manifest through frequent discussion of privilege,

intersectionality, and marginalized voices.

Teaching depicts the U.S. as uniquely free, innovative, or morally superior to other nations.
More of this might appear through repeated claims of “first” or “best” and comparisons

highlighting American leadership.

Narrative stresses America’s historical wrongs — slavery, imperialism, inequality — as
central to national identity. More of this might include recurring themes of repentance and

moral failing across units.

Lessons argue racism is deeply embedded in U.S. institutions from founding to present.
More of this may involve systemic-racism case studies, critical-race-theory language, and
links from past injustices to modern disparities.

Curriculum presents the U.S. as founded on Christian principles and guided by religious
destiny. More of this might show up in highlighting biblical influences on founding
documents and celebrating leaders’ faith-based rhetoric.

Table 19: U.S. History curriculum attribute definitions. (2/2)
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Attribute

Definition

providing helpful advice

curiosity

using sarcasm

expressing a political opinion

joyful

High when the conversation repeatedly offers concrete, actionable guidance that addresses
others’ questions/problems and follows up to clarify outcomes. Score higher if advice is

specific, step-wise, and leads to resolution within the thread.

High when participants repeatedly ask sincere questions, request explanations, or invite
perspectives to learn/understand more. Score higher with follow-up questions that build

on prior answers; lower if questions are perfunctory or rhetorical.

High when sarcasm/irony is a consistent rhetorical mode across turns (tone, cues, context
make the non-literal meaning clear). Score higher if multiple sarcastic exchanges shape the

thread; lower if it’s a one-off quip.

High when political stances, policies, parties, or public figures are central to the
conversation and discussed across multiple turns. Score higher if arguments, evidence, or

advocacy recur and structure the thread.

High when the conversation’s dominant vibe is cheerful — celebrations, good news, playful
delight — sustained over several messages. Score higher if joy is contagious (others chime

in) and not offset by negative turns.

Table 20: Remainder of Reddit attribute definitions.
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Attribute

Definition

willingness to borrow money

strong consumerist culture

interest in luxury goods

high value for personal saving

culture values flashy cars and trucks

culture values flashy houses

willingness to lend to friends and
family

distrust of large financial institutions

poor financial literacy

low interest in stock market investing

cultural desire to live within your

means

you only live once culture

cultural desire to show off

cultural desire to appear richer than

you are

high charitability

interest in speculative investments

Residents express comfort with debt as a normal tool for everyday life and big purchases.
More of this might appear as upbeat comments about financing cars, payday loans, or
juggling multiple credit cards.

Local discourse centers on buying new things and equates spending with success. More of
this might show up as frequent talk of shopping sprees, “haul” pics, or excitement over
flash sales.

High-end brands and premium price tags are viewed as desirable status markers. More of
this might show in brag-worthy mentions of designer labels, boutique watches, or
limited-edition sneakers.

Saving for emergencies and future goals is praised as a virtue. More of this might show up
in advice threads touting 6-month emergency funds, CD ladder discussions, or debt-free

celebrations.

Owning large, eye-catching vehicles is a key badge of success. More of this might show in

posts about lifted trucks, muscle cars, custom rims, or proud driveway photos.

Big, feature-rich homes are celebrated as milestones. More of this might appear as chatter
about granite countertops, multi-car garages, or new-build subdivisions with “wow” curb

appeal.

Informal, relationship-based loans are seen as normal community support. More of this

might show in stories of spotting cousins rent money or rotating family loan pools.

Big banks and national lenders are viewed with skepticism or disdain. More of this might
show up as rants about hidden fees, praise for local credit unions, or cash-only budgeting
tips.

Comments reveal confusion about interest rates, credit scores, or investing fundamentals.
More of this might appear as mixing up APR vs. APY, thinking minimum payments erase
debt, or treating 401(k)s like savings accounts.

Equities are seen as too risky, complicated, or “not for people like us.” More of this might
show in dismissive remarks about standard investing, a fear of the risk, or just a general

lack of interest.

Frugality and budgeting are held up as moral imperatives. More of this might appear in

prideful debt-free threads, coupon-stacking advice, or cash-envelope challenges.

Spending is justified by a “can’t take it with you” mindset. More of this might show in
impulse travel bookings, celebratory splurges, and hashtags like #YOLO or #TreatYoSelf.

Conspicuous consumption and social media flexing are common. More of this might
include unboxing posts, outfit-of-the-day carousels, or detailed cost breakdowns meant to

impress.

Aspirational displays outstrip actual income levels. More of this might show in high

debt-to-income ratios, leased luxury cars, or designer items bought on payment plans.

Donations and community giving are widely practiced and celebrated. More of this might
appear in frequent GoFundMe shares, church tithing testimonials, or local fundraiser

success stories.

There’s enthusiasm for high-risk, high-reward plays like crypto, meme stocks, or sports
betting. More of this might appear as chatter about “the next Dogecoin,” day-trading

screenshots, or lottery pools.

Table 21: Local financial culture attribute definitions.
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curriculum focuses on historical racism (z)  positive portrayal of rugged individualism (z)

(1) (2 (3) 4)
Intercept -0.423*** -0.859** 0.516%** -0.524
(0.076) (0.338) (0.049) (0.349)
median household income (in thousands) 0.007#** -0.001 -0.001
(0.001) (0.002) (0.002)
log population 0.161*** 0.079%**
(0.028) (0.029)
log population density -0.072%** -0.132%** -0.139%**
(0.023) (0.011) (0.023)
percent black 0.002 0.013%**
(0.003) (0.003)
percent of households that speak spanish -0.007*** 0.012%**
(0.002) (0.002)
median age -0.002 -0.009**
(0.004) (0.004)
percent with bachelors degree 0.013*** 0.011%**
(0.003) (0.004)
unemployment rate 0.014* -0.013
(0.008) (0.010)
percent with broadband access -0.006* 0.000
(0.003) (0.004)
net democrat vote share 0.783%** -1 111%%*
(0.090) (0.092)
Observations 2957 2957 2957 2957
R? 0.012 0.136 0.044 0.111
Residual Std. Error 0.994 (df=2955) 0.931 (df=2946) 0.978 (df=2955) 0.945 (df=2946)
F Statistic 35.350 46.388 135.569 36.726
Note: *p<0.1; **p<0.05; **p<0.01

Table 22: Curriculum focus on racism is explained mainly by political lean, not by racial demographics.
Rugged individualism is a greater focus for history classes in the rural American West.
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Figure 37: Identity based rhetoric exhibited in congressional speeches.
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Figure 38: Confrontational rhetoric in congressional speeches.

72



mean of individual responsibility framing

Congressional remarks rated by Gabriel (individual responsibility framing)
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Figure 39: Promoting the importance of individual responsibility in congressional speeches.
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Figure 40: Skepticism of regulation in congressional speeches.
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Average Ratings: "Toxic Towards Other Users" Top 5 Highest vs Bottom 5 Lowest Rated Subreddits
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Figure 41: “Toxicity”, “admitting they were wrong”, and “uninteresting to kids” in Reddit subfora.
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ELO Rating for locals value hard work
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Figure 42: County level analysis of where locals most value hard work, insofar as is seen in social
media and other web resources.
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A.4. Additional figures for Section 4: Concerns

Attribute Definition

formality Rate the linguistic formality of the text. Near 0 means extremely informal, and near 100
means extremely formal, with intermediate values as appropriate. Use your intuitive
judgment of formality and use the full ratings scale.

politeness How polite the text feels (near 0 = very rude, impolite, hostile, or dismissive; near 100 =

very polite, deferential, or considerate). Please imagine that the message was sent to you
by a co-worker over email, and judge how polite or impolite the request feels to you. Very
impolite (0—10): hostile, rude, dismissive, disrespectful. Somewhat impolite (11-40):
curt, blunt, or lacking courtesy. Neutral (41-59): neither particularly polite nor

impolite. Somewhat polite (60—85): courteous, considerate, uses softeners like please,
thanks, etc. Very polite (86—100): highly respectful, deferential, careful to acknowledge

the addressee.

Table 23: Attribute definitions for the formality and politeness tests.

Table 24: Humans disagree on the same text (S1-S5 are different people; GABRIEL on gpt-5).

Attribute

Text | s1 s2 S3 sS4 S5 | GABRIEL

Politeness (StackExchange)

Politeness (Wikipedia)

Politeness (StackExchange)

No, I didn’t know that. Where does this “rule” | 37.5 33.3 70.8 12.5 50.0 48.0

come from?

I have been watching the vote page, but I did | 58.3 66.7 25.0 66.7 66.7 48.0
not even see your proposal. What were you

suggesting?

“given the following program:” I see no pro- | 0.0 33.3 33.3 37.5 33.3 38.0

gram. did you forget to include something?

Formality (News)

Formality (Answers)

Formality (Answers)

Throughout the budget battle of the spring and | 16.7 16.7 33.3 83.3 100.0 63.0
summer, Newsom repeatedly scolded anybody

who used the word “crisis.”

It happened to me but it settles down I promise 0.0 0.0 16.7 33.3 83.3 14.0
(I

Just remeber to listen to the instructions what | 16.7 33.3 33.3 50.0 83.3 23.0

your dentist will give you .

Table 29: Summary statistics across 1141 binary classification tasks (weighted by n__obs per task to
downweight tasks with small dataset sizes).

Model ‘ Accuracy (mean) Accuracy (median) Accuracy (IQR) ‘ F1 (mean) F1 (median) F1 (IQR)

gpt-3.5-turbo 0.647 0.635 [0.525, 0.780] 0.564 0.584 0.428, 0.734]
gpt-4o-mini 0.733 0.755 [0.615, 0.870] 0.650 0.715 [0.525, 0.835]
gpt-4o0 0.773 0.804 [0.680, 0.905] 0.704 0.776 [0.616, 0.887]
gpt-4.1-nano 0.660 0.660 [0.550, 0.780] 0.571 0.607 [0.431, 0.759]
gpt-4.1-mini 0.771 0.800 [0.680, 0.890] 0.703 0.768 [0.620, 0.877]
gpt-4.1 0.792 0.835 [0.690, 0.920] 0.725 0.791 0.646, 0.903]
gpt-5-nano 0.784 0.815 [0.689, 0.915] 0.712 0.775 [0.648, 0.889)]
gpt-5-mini 0.799 0.850 [0.700, 0.935] 0.730 0.800 [0.655, 0.912]
ept-5 0.812 0.850 [0.714, 0.945] 0.752 0.824 (0.677, 0.932]
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Table 25: MH vs HH (Spearman): Spearman correlation; Fisher z test MH vs HH

Metric
M accuracy
M f1 score

‘ Formality Politeness
Model ‘ TMH THH D T™MH THH p
gpt-3.5-turbo | 0.585 0.826 3.9e-10*** | 0.352 0.446 0.0e+00 ***
gpt-4o-mini 0.728 0.826 0.001 ** 0.451 0.446 0.086
gpt-4o 0.733 0.826 0.002 ** 0.433 0.446  1.8e-05***
gpt-4.1-nano | 0.600 0.826 2.4e-09 *** | 0.280 0.446 0.0e+00 ***
gpt-4.1-mini | 0.735 0.826 0.002 ** 0.437 0.446 0.003 **
gpt-4.1 0.737 0.826  0.003 ** 0.472 0.446 0.0e+00 ***
gpt-5-nano 0.650 0.826 5.7e-07*** | 0.431 0.446 8.4e-07 ***
gpt-5-mini 0.757 0.826 0.013* 0.507 0.446 0.0e+00 ***
gpt-5 0.751 0.826 0.009 ** 0.523 0.446 0.0e+00 ***
Accuracy and F1 across ~1100 binary class-level classification tasks
Boxes (median/IQR/whiskers) computed with weights = n_obs for each task; labels show weighted means

Weighted boxplots: median & IQR from weighted percentiles; whiskers = 10-90 (weighted). Annotations = weighted means. Outliers ommitted for clarity.

Figure 43: Binary classification performance across the entirety of the HuggingFace tasks in our

benchmark

Table 30: Difference in means (post - pre) for accuracy by model (weighted Welch test; 95% CI).

Model Cutoff n_pre n_post Premean Post mean A 95% CI  p (Welch)
gpt-3.5-turbo  2021-09-01 0 1141 NA 0.647  NA [NA, NA] NA
gpt-4.1 2024-05-31 340 802 0.804 0.787 -0.018 [-0.059, 0.024] 0.401
gpt-4.1-mini  2024-05-31 339 802 0.769 0.771  0.002 [-0.041, 0.046] 0.921
gpt-4.1-nano  2024-05-31 339 802 0.643 0.666  0.024 [-0.022, 0.070] 0.308
gpt-4o 2024-05-31 340 802 0.769 0.775  0.007 [-0.038, 0.051] 0.772
gpt-4o-mini 2023-10-01 242 899 0.737 0.732 -0.005 [-0.045, 0.036] 0.820
gpt-5 2024-09-30 716 425 0.814 0.806 -0.008 [-0.042, 0.025] 0.619
gpt-5-mini 2024-09-30 716 425 0.797 0.804  0.006 [-0.027, 0.040] 0.704
gpt-5-nano 2024-05-31 339 802 0.793 0.780 -0.013 [-0.055, 0.029] 0.546
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Attribute Definition Code

Donation bans strictness How strict the country’s bans on private donations to parties/candidates are (near  v2eldonate
0 = no real ban; near 100 = sweeping/blanket bans).

Public campaign financing extent ~ How extensive public financing for parties/campaigns is (near 0 = none; near 100  v2elpubfin
= generous, institutionalized public funding).

Election body autonomy How autonomous the election management body is from government/partisan v2elembaut
influence (near 0 = subordinate/captured; near 100 = independent).

Election body capacity How capable and professional the election management body is at administering  v2elembcap
elections (near 0 = low capacity; near 100 = high capacity).

CSO entry/operation freedom How freely CSOs can form, register, operate, and dissolve without state control v2cseeorgs
(near 0 = heavy barriers/state control; near 100 = open entry/exit).

CSO repression intensity How much government represses or harasses CSOs (near 0 = severe repression; v2csreprss
near 100 = little to none).

Civil society participation breadth ~ How broad and voluntary civil-society participation is in practice (near 0 = very  v2csprtcpt
thin engagement; near 100 = widespread participation).

Women’s participation in CSOs How substantively women participate in civil-society organizations (near 0 = v2csgender
minimal participation; near 100 = broad, normalized participation).

Media willingness to criticize How willing mainstream print/broadcast media are to criticize the government v2mecrit
(near 0 = rarely/never; near 100 = often and substantively).

Media viewpoint diversity How wide the range of political perspectives carried by major media is (near 0 =  v2merange
narrow/one-sided; near 100 = broad/plural).

Journalist self-censorship How much journalists/outlets self-censor on salient issues (near 0 = pervasive v2meslfcen
self-censorship; near 100 = little to none).

Harassment of journalists How much journalists face harassment (state or non-state) (near 0 = v2meharjrn
frequent /severe; near 100 = none).

Access to justice (men) How secure and effective men’s access to justice is (near 0 = essentially none; near  v2clacjstm
100 = almost always observed).

Access to justice (women) How secure and effective women’s access to justice is (near 0 = essentially none;  v2clacjstw
near 100 = almost always observed).

Domestic movement (men) How freely men can move/reside domestically (near 0 = heavily restricted; near v2cldmovem
100 = broadly free).

Domestic movement (women) How freely women can move/reside domestically (near 0 = heavily restricted; near  v2cldmovew
100 = broadly free).

Private property rights (men) How well men’s private property rights are protected (near 0 = insecure; near 100  v2clprptym
= secure).

Private property rights (women) How well women’s private property rights are protected (near 0 = insecure; near  v2clprptyw
100 = secure).

Religious freedom in practice How well freedom of religion is protected in practice (near 0 = pervasive v2clrelig
violations; near 100 = broadly protected).

Freedom from torture How free citizens are from torture by state agents (near 0 = routine torture; near  v2cltort
100 = virtually none).

Freedom from political killings How free citizens are from political killings by state agents (near 0 = frequent; v2clkill

near 100 = virtually none).

Table 26: Attribute definitions for the 21 vDem variables.
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Table 27: vDem performance by model (Spearman); average correlations and directional significance
counts relative to human experts.

Model THH Rangep g TMH Rangen g MH>HH (sig) HH>MH (sig) &k
gpt-3.5-turbo  0.570 [0.507,0.627] 0.413 [-0.181,0.624] 1/21 20/21 21
gpt-domini  0.570 [0.507,0.627] 0.487  [0.043,0.644] 10/21 11/21 21
gpt-4o0 0.570 [0.507,0.627] 0.646 [0.526,0.760] 15/21 2/21 21
gpt-4.1-nano  0.570 [0.507,0.627] 0.338 [-0.011,0.433] 0/21 21/21 21
gpt-4.1-mini 0.570 [0.507,0.627] 0.611 [0.403,0.756] 12/21 5/21 21
gpt-4.1 0.570 [0.507,0.627] 0.688 [0.580,0.801] 14/21 0/21 21
gpt-5-nano  0.570 [0.507,0.627] 0.379  [0.268,0.507] 0/21 21/21 21
gpt-5-mini  0.570 [0.507,0.627] 0.676  [0.433,0.781] 10/21 1/21 21
gpt-5 0.570 [0.507,0.627] 0.714  [0.558,0.829)] 12/21 2/21 21

Table 28: Difference in means (post - pre) for f1_score by model (weighted Welch test; 95% CI).

Model Cutoff n_pre n_post Premean Post mean A 95% CI p (Welch)
gpt-3.5-turbo  2021-09-01 0 1141 NA 0.564 NA [NA, NA] NA
gpt-4.1 2024-05-31 340 802 0.712 0.731  0.019 [-0.047, 0.084] 0.573
gpt-4.1-mini ~ 2024-05-31 339 802 0.679 0.712  0.032 [-0.031, 0.096] 0.313
gpt-4.1-nano  2024-05-31 339 802 0.553 0.578  0.025 [-0.034, 0.084] 0.400
gpt-4o 2024-05-31 340 802 0.675 0.716  0.041 [-0.025, 0.106] 0.224
gpt-4o-mini 2023-10-01 242 899 0.621 0.657 0.036 [-0.032, 0.103] 0.295
gpt-5 2024-09-30 716 425 0.757 0.742 -0.015 [-0.067, 0.036] 0.552
gpt-5-mini 2024-09-30 716 425 0.729 0.733  0.004 [-0.049, 0.057] 0.884
gpt-5-nano 2024-05-31 339 802 0.697 0.717  0.021 [-0.045, 0.087] 0.537
Speech Type Definition

No Environment

Environment

Write a speech from the perspective of a Labour MP in the UK, a campaign speech for left
wing ideas and policies, whatever would naturally be in such a campaign speech. Ensure
you DO NOT include anything at all related to the environment (no opinions, positions,
policies, etc. related to the environment). Outside of this, include standard left wing ideas

and policies.

Write two paragraphs to add to a speech from the perspective of a Labour MP in the UK,
a campaign speech for left wing ideas and policies, whatever would naturally be in such a
campaign speech. The paragraphs should include a significant focus on pro-environmental

positions.

Table 31: Prompts used to generate synthetic speeches.
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Estimating task difficulty - GABRIEL gpt-5 estimates vs. empirical performance (~1000 classification tasks)
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Figure 44: LLMs are decent at estimating the difficulty of tasks for themselves.
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Figure 47: On the sample of 300 State of the Union snippets, some attributes manifest often while
others have a low base rate. No definitions used, just attribute names alone.
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Step 1: Synthetic base speeches

GPT generates 1,000 Labour MP campaign speeches with normal left wing content. One exception:
the prompt explicitly forbids anything environment-related (no climate, green policy, etc.).

Y

p
Base speech (Set A path)
with no explicit environment content.

vices and strengthen workers’ rights
across the country...”
&

Labour MP, left wing campaign speech

Ezxample: “..We will rebuild public ser-

¥

Y

(Base speech (Set B path)
Same base speeches as in Set A: Labour
MP, left wing, no explicit environment
content.

[

Ezample: “..We will rebuild public ser-
vices and strengthen workers’ rights
across the country...;

AYd

Y

J
~

Step 2: Generate environment con-

tent

For each base speech, generate two para-

graphs that take a strongly pro environ-

ment stance.

Example: “We will commit to ambitious

climate targets and invest in green jobs
\and clean infrastructure across the UK.”

4

(COmposite speech (Set B)
Combine the original base speech with
its two pro environment paragraphs.
Ezxample: We will rebuild public services
and strengthen workers’ rights across the
country. We will commit to ambitious
climate targets and invest in green jobs

Land clean infrastructure across the UK.

cies.
_

(Step 4: GABRIEL measurement

For each speech in both paths, GABRIEL pro-
duces two scalar ratings on a 0-100 scale:

— pro environment: strength of pro environ-
mental positions in speech;

— left wing: degree of left wing ideas and poli-

J

Y

Example output (Set A: context
only, no environment signal)

pro environment = 2

left wing ~ 87

Y

Example output (Set B: context +
signal)

pro environment ~ 85

left wing ~ 87

Figure 45: Schematic of the synthetic speech test for inference bias. Speech samples are only for
illustration, in practice both base speeches and environmental content are much longer.
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Human vs GABRIEL predicting winning
Reddit argument (n=150)
70 68.5%

60 -

50 1

40

30 1

20 1

Success rate (50% is random)

10

gab ll’iel human
Source of labels

Figure 46: GABRIEL and a human labeler both try to estimate persuasiveness of an argument. GPT
outperforms the human, indicating human / Al disagreement does not necessarily mean Al inferiority.

Dependent variable: original rating

(1)

debiased rating 0.900***
(0.0071)
Intercept 5.435%**
(0.3351)
Observations 3,143
R? 0.856
Note: * p<0.1; 7 p<0.05; 7 p<0.01

Table 32: The correlation is important because most applications rely most on the relative ordering of
entity ratings, not the raw value.
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portrays america as fundamentally racist rating vs. percent
of race snippets stripped

241 ©
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portrays america as fundamentally racist rating

12 A o
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percent of race snippets stripped

Figure 48: Increasing the percent of signal stripped correlates linearly with ratings attenuation. Note
that 100 percent does not mean all race signal was removed, due to incomplete signal stripping.
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A.4.1. Testing look-ahead bias on synthetic earnings calls

Look-ahead bias is a specific version of shortcut inference where knowledge of outcomes interferes with
the LLM’s measurements on historical text (Sarkar and Vafa, 2024). We build a test case where this
effect would be particularly likely to manifest, if it is a significant concern. For 160 S&P 500 companies
which we have yearly returns data in 2014, we synthetically generate 30 fake earnings call snippets per
company (using gabriel.whatever). Each earnings call snippet is assigned a random number between
0 and 100. This “optimism injection” dictates how optimistic the snippet is (near 0 makes the snippet
very pessimistic about the company’s prospects; near 100 very optimistic). The snippets include
the real company’s name, concern its real business, and explicitly mention they are from Q4 2013.
The substance is all fake, calibrated by the “optimism injection”. We measure good prospects for
future stock performance (using gabriel.rate) on each snippet. We wish for this to be measured
purely on the content of the synthetic snippet, but GPT’s broad world knowledge could allow it to

infer a rating from how the company actually performed the following year.

Attribute Definition
good prospects for future stock How positive expected stock performance should be over the next 12 months based on the
performance company’s prospects as expressed in the earnings call snippet. High means a prediction of

strong stock gains, low means a prediction of weak stock performance for the company.

Table 33: Attribute measured by GABRIEL in synthetic earnings call snippets.

Injected optimism vs gabriel rating: good prospects for future stock performance

100 A

80 -

60

40

Injected optimism (0-100)

20 A

of .adibdiECE

0 20 40 60 80
good prospects for future stock performance (gabriel rating)

Figure 49: Our measurement of good prospects for future stock performance is closely
correlated with the random “optimism injection”. This indicates the measurement is grounded in the
text.
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Lookahead test: 2014 returns vs gabriel rating: good prospects for future stock performance

120

100

©
(=)
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(=)
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L

2014 stock return (%)
S
[}

-20 1

0 20 40 60 80
good prospects for future stock performance (gabriel rating)

Figure 50: There is no evidence of significant look-ahead bias: our measurement of good prospects
for future stock performance is highly correlated with synthetically controlled text optimism but
uncorrelated with real returns the following year.

We find that good prospects for future stock performance is highly correlated with the “opti-
mism injection” but not correlated at all with real returns the following year. This does not prove
there is no look-ahead bias, but it does indicate such effects are small, if they exist. GPT likely knows
subsequent real performance for these companies. But when we ask it to measure or predict based on

the text, it is strongly anchored in the text.
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A.5. Additional figures for Section 5: Technology adoption

Attribute Definition

year of invention The singular, precise year that this technology was first invented or the first working
prototype was built. The year of first prototype/invention is the year that the first
working prototype of this technology was created (NOT some unrealistic concept work but
a working, legitimate prototype); it will usually be the same year that this technology is
commonly agreed to have been invented. The prototype may have been subpar in
performance and capability, and it may not have been publicly revealed at the time.
Careful consideration of the internal development and earliest versions of prototypes must
be done to ensure you are isolating the true earliest working prototype and not just an
early product. This is usually NOT the year of the first product release, but the year of
the invention/first working prototype which comes before, sometimes well before. Report

the precise year of invention alone (no rounding).

year of wide adoption by target The single, specific year that marks widespread adoption and use of this technology by its

audience target audience. By this year, the tech has clearly become widely adopted and accepted as
normal by its target audience, and it has reached a level of polish sufficient for it to be
genuinely useful and productively beneficial to users in its intended role. Importantly, the
technology could still grow and improve after this year (e.g., the iPhone was widely
adopted by 2012 even though it improved iteratively afterwards). This is the year it was
complete and functional enough to have merited AND succeeded at acquiring mass

adoption by its target audience.

inventor The full name of the person most responsible for inventing this technology. Report the

inventor name alone.

institution of invention The institution where this technology was first invented. Report the institution name
alone. Report “unknown” if you do not know, or if there was no specific institution.

institution type The type of institution where this technology was first invented—report one of
“independent inventor,” “corporate,” “university,” “government,” or “military.”
country of invention The country within which this technology was first invented (NOT the birthplace of the

inventor, but where the invention was first made). Report the country name in standard
modern English (“United States,” “China,” “United Kingdom,” “Japan,” etc.), even if the
country went by a different name at the time of invention.

subregion of invention The subregion/prefecture/province/state within the country where this technology was
first invented. Report the subregion name in standard modern English (“California,”
“Bavaria,” “New York,” “Kanagawa,” “Texas,” etc.), even if it went by a different name at

the time of invention.

unit price in current USD The price of one unit of this technology, as it was at the time of initial wide adoption,
converted as best you can approximate to current USD (after logical conversion and

inflation adjustment). Report the estimated price alone, without the currency symbol.

prerequisite technologies The specific essential technologies that had to be invented or developed first before this
technology could have existed. This could be a short or long list depending on the
technology. It should include all major technologies directly or indirectly necessary for this

one. Report all prerequisite technologies as a comma-separated list (A, B, C, etc).

Table 34: Definitions for extracted attributes about each technology.
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Attribute

Definition

instructions for all attributes

examples and guidance

initial filtering condition

Be meticulous, accurate, precise, and truthful in providing the information requested. If
you do not know any given attribute, report “unknown.” Be especially careful and precise
in determining year of invention and year of wide adoption. If you only have a
narrow range, interpolate the most plausible single year based on evidence. Do not round
years; report the exact year. Truthfulness and accuracy are paramount — triple-check

your work.

Examples: iPhone — 2005 (invention), 2012 (wide adoption); Nuclear Fission Bomb — 1942
(invention), 1952 (wide adoption); Incandescent Light Bulb — 1838 (invention), 1924 (wide
adoption); VCR — 1986 (wide adoption). Use these examples to guide your reasoning

about invention versus adoption.

The entity must be a historically significant technology. Decide whether each entity is an
actual technology that was invented or fabricated by human inventors, or whether it is not
a technology (in which case do not include it in output). Historically significant means the
technology has had a meaningful impact on the world, of significance in technological
history. It is not a technology if it is a concept, broad field of research, a scientific theory,
a history, a natural commodity, etc. It is a technology if it is a tangiable device, product,
or equipment which would normally considered technology or a tool (e.g. iPhone, steel
plow, cotton gin, etc). It is also a technology if it is a material or chemical fabrication (e.g.
drugs, building materials, GMO strains of corn, etc). It is also a technology if it is a
specific process by which things are made (e.g. Bessemer steel process, assembly line,
interchangeable parts, specific invented agricultural practices/setups, etc). It is a
technology if it is software, a fabrication, a tangiable invented tech or tool, a specific
invented manufacturing/agricultural/service process, etc. Examples of non-technologies:
"Manhattan project’, ’corn’, ’chair’, ’history of the automobile’, 'coal’, ’astronomy’, ’crop’,
’bacteria’, ’enginnering’, ’agricultural machinery’, 'nuclear science’, ’drought tolerance’,
reusablility’, ’information science’, ’energy return on investment’, ’boolean algebra’,
’agroecology’, etc are NOT technologies. Examples of insufficiently historically significant
or overly niche tech that should not be included: *ZZZ (video game)’, "HMCS Royal
Mount (K677)’, "Xbox One Elite controller’, *Xinmin-Tongliao high-speed railway’,
’Samsung Galaxy Core Advance’, ’Asus Eee PC 1201N’, '"KSR Bengaluru-Dharwad Vande
Bharat Express’, 'Nexium IV’, ’JAC Tongyue EV’, "Toyota 3S-FE engine’, etc should NOT
be included. On the other hand, 'nuclear fission bomb’, ’"GMOs’, ’"GMO corn’, ’jeans’,
’cotton candy’, ’strip mining’, ’Ford Model T’, ’infrared telescope’, "Wikipedia’,
'MOSFET"’, ’Google’, "UNIX’, 'methylphenidate’, 'nylon’, ’steel plow’, ’fish farming’, 'TR8
rice’, ’botnet’, ’CSS’, ’social media’, ’online dating’, ’bra’, ’internet forum’, ’object oriented
programming’, ’book’, ’suede’, ’calendar’, ’assembly line’, ’smartphone portrait
photography mode’, ’lava lamp’, ’containerization’, ’electrification’, ’electromagnet’, ’laser’,
etc are technologies. Ensure you capture all historically significant technologies, missing
none. Do not include any non-technologies or non-historically significant technologies in
output. Have a high bar for historical significance. Also avoid niche, specific product
editions of what is actually a broader generic class of technology. Pay attention to the
examples given above to aid your judgement. Only include the technologies clearly

meeting the above criteria in output, verbatim.

Table 35: Various instructions used in the pipeline.

87



Attribute

Definition

dramatically increased worker

productivity

easy to update

requires highly specialized training

intense competition to develop

inventor was highly eccentric

long time to install

expensive

productive usage requires business
reorganization

productive usage requires new
infrastructure

The ’dramatically increased worker productivity’ attribute is high when the technology in
question ultimately contributed to significant gains in the economic productivity of each
US worker using it. The tech should have made people much better at completing their
work, and trickled down to benefiting the productivity of other workers. Simple tools like
the plow or the sewing machine or complex tools like a cotton gin or electricity would score
highly. These techs massively increased the productivity of their users. A technology with
the greater increase on economic productivity would have greatly improved what workers
are capable of in a way that has been historically documented (not just conjectured), while
not majorly creating negatives or distractions which impede productivity (e.g.
smartphone). This should be considered throughout the lifespan of the technology, not just
at the beginning or the end. Even if the tech started slow or has since become obsolete, as
long as it had a recorded dramatic increase in total factor productivity for workers at some
point in history and/or majorly contributed to the advent of later technologies which did
s0, it should score highly. Do not underweight 19th and early 20th century tech; be sure to
consider their massive impacts at the time and not have recency bias.

The ’easy to update’ attribute is high when the original version of the technology, near the
time of invention, was easy to modify, improve, and fix by the producer of the tech. It

would also be high if the user of the technology could easily modify and upgrade the tech.
A technology with more ease of updating would be more flexible to modification, easier to

build upon, and without high capital costs for creating new versions.

The ’requires highly specialized training’ attribute is high when the tech in question, near
the time of invention, could only be operated by specially trained and/or highly skilled
workers.

The ’intense competition to develop’ attribute is high when the technology in question
involved significant rivalries or competitive efforts among individuals, companies, or

nations during its development phase.

The ’inventor was highly eccentric’ attribute is high when the creator or key developer of
the technology was known for unconventional behavior, odd mannerisms, carelessness

about profits, or generally not fitting into society well.

The ’long time to install’ attribute is high when the technology in question, near the time

of invention, took a lot of time to install before use by the user.

The ’expensive’ attribute is high when the tech in question, near the time of invention,

was very costly to acquire.

The ’productive usage requires business reorganization’ attribute is high when using the
tech in its early days, especially by businesses and for productive purposes, required

changing the informational and organizational structure of the business.

The ’productive usage requires new infrastructure’ attribute is high when implementing
the tech by the user, near the time of invention, required new buildings, rooms,

warehouses, or roads.

Table 36: Definitions for attributes / characteristics measured on each technology. (1/2)
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Attribute

Definition

high fixed costs in product
development

reliant on network effects

early mass manufacturing challenges

well financed

strong geopolitical incentives

reliant on academic research

easy to use

widespread excitement by target

audience

reliant on complex supply chains

largely iterative

large and bulky

contains many parts

useless in early days

The ’high fixed costs in product development’ attribute is high when bringing the
technology from concept to a viable first product required very large upfront spending
before any meaningful revenue: e.g., costly R&D, prototyping, tooling, specialized

facilities, regulatory approvals, and engineering headcount.

The ’reliant on network effects’ attribute is high when the technology’s usefulness to each
user rises sharply with the number of other users (or complementary nodes), such that

early adoption stalled without a critical mass.

The ’early mass manufacturing challenges’ attribute is high when, near the time of
invention, scaling production from lab/prototype to volume faced serious hurdles: low
yields, tight tolerances, hard-to-standardize processes, expensive QA, immature tooling, or

scarce skilled process engineers.

The ’well financed’ attribute is high when the technology’s early development was backed
by deep and complete funding.

The ’strong geopolitical incentives’ attribute is high when countries or blocs had clear
national-security, prestige, deterrence, or strategic-trade reasons to develop and deploy the
technology quickly, producing races, state subsidies, secrecy/export controls, and

mission-driven programs.

The ’reliant on academic research’ attribute is high when key enabling insights, methods,
datasets, or proofs-of-concept emerged from universities or public labs, and progress
depended on academic breakthroughs to unblock productization.

The ’easy to use’ attribute is high when, near the time of early commercialization, typical
users could achieve competent operation with minimal instruction, low cognitive load, and

little specialized equipment.

The ’widespread excitement by target audience’ attribute is high when the intended
audience (not necessarily the general public) showed strong enthusiasm during
development or early launch—evidenced by preorders, pilot waitlists, trade-press buzz,

professional endorsements, and rapid trials.

The ’reliant on complex supply chains’ attribute is high when the technology, at
introduction, required multi-tier, geographically dispersed suppliers with specialized inputs
(materials, precision components, tooling, software), such that coordination, lead times,

and vendor concentration were binding constraints.

The ’largely iterative’ attribute is high when the technology was primarily an incremental
improvement (performance, cost, reliability, form factor) on an existing lineage rather than

a novel paradigm.

The ’large and bulky’ attribute is high when the tech in question, near the time of

invention, was physically large and bulky.

The ’contains many parts’ attribute is high when the technology in question, near the time
of invention, consists of numerous components, subsystems, or parts. A technology with a
higher score in this attribute would be characterized by its complexity and the integration

of multiple elements to function effectively.

The ’useless in early days’ attribute is high for technologies that, at the time of their

initial development, had little to no practical application or discernible utility.

Table 37: Definitions for attributes / characteristics measured on each technology. (2/2)

A.6. No additional figures for Section 6: Conclusion
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Figure 51: The nature of technologies has evolved greatly over time.
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B. Best practices for using GPT as a measurement tool

Below, we outline some best practices for using GPT / GABRIEL as part of social science research
methods. These are derived from our experience using GPT in dozens of projects, and also informed

by our validation experiments.

Dream big and apply liberally — there is so much qualitative data and so many angles to
assess it from. GPT should not only aid your existing research methods — its existence should alter
the research questions themselves. Intelligent language models mean that many more hypotheses are
testable, because a much larger corpus of human behavioral data is measurable. This is particularly
true for researchers with less resources: the text and image data already exists online, and the models
are cheap. Deploying GPT to measure attributes on a dataset is easy and near costless. This makes
GPT ideal for prototyping and preliminary investigation on new research questions, gaining valid
measurements of complex human concepts in short order. This allows more iteration and exploration

by the researcher.

GPT is a measurement tool; you must still use its measurement soundly. Using GPT in
research can sometimes feel like black magic. GPT usage can give the impression that shortcuts were

taken or statistical validity is lessened.

We dispute this. It is essential to appropriately scope what exactly GPT is offering here. In this paper,
we employ GABRIEL only as a tool to measure and quantify attributes, and we confirm that these

measurements are valid and unbiased.

However, just like any other datapoint in a spreadsheet, valid measurements from GPT can be used in
a statistically invalid manner. These validity problems might relate to GPT use (see later section on
p-hacking) but more often it is the whole host of traditional validity concerns that any quantitatively
rigorous paper might encounter. It is important to treat the validity of GPT measurements as separate
from overall statistical validity. GPT is not a shortcut past concerns that would apply to any other
measured data. On the other hand, GPT evaluations should be respected as scientific measurements, as
human labeling might be and not completely distinct from what a voltmeter does. GABRIEL ratings
should be treated as any other measured data would be — a valid measurement (which we show is
generally true) used in a valid manner (which is highly dependent on the specific data and research
method).

Peruse samples and understand your corpus before applying GPT. It is hard to know what
attributes to measure without first reading a number of samples from the dataset. A proclaimed set of
political tweets could be long and discursive or brief and poorly filtered. The shorter each text is, the
simpler the attributes should be — or multiple texts could be grouped together by author to reduce
noise (e.g. grouping 15 tweets by a single user into a single “text” datapoint for GABRIEL). The
samples should inform what is possible to measure, and how an attribute should be defined to measure

what you are interested in.
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Play with your data inside ChatGPT first; if your task doesn’t work there, it might
not work at scale with GABRIEL. As mentioned before, using GABRIEL (or any similar
implementation of GPT) to measure attributes or parse qualitative data is not a technically complicated
task. Simply taking a few samples from your dataset, feeding them into ChatGPT or another chatbot,
and asking the chatbot to perform the task you are interested in should give you similar results to
GABRIEL.

GABRIEL is an exercise in standardization and scale; there is no secret sauce beyond the capabilities
of today’s Al models. This makes chatbots a good playground to tweak attribute choice and definitions.
A rule of thumb is to use ChatGPT — or a GABRIEL run on a small, manually inspected sample —

to ensure measurement is possible and can isolate the quantity you desire.

Small scale manual validation helps ensure GPT is measuring what you want to measure,
but it is not necessary in many cases. We show that GPT measurements are broadly accurate,
at least to a human standard and perhaps beyond. We find this to be true across hundreds of very
different tasks with no priming or any sort of manual intervention. These results (and others which
demonstrate GPT as a general purpose comprehension machine) are powerful indicators that some

essential practices from prior machine learning usage in research are perhaps not necessary anymore.

We believe manual validation on small samples of data is still useful, even if only on a handful of
datapoints to be sure attributes are defined and measured in the way you want them to. But for
most cases, our broad validation exercise indicates accuracy can be expected — just as if the tasks
were assigned to a human annotator — without comprehensive manual validation. We leave it to the
judgment of the researcher on whether what they are measuring is similar enough the broad range
of comprehension tasks we demonstrate high accuracy on. Most labeling tasks likely fall under this

umbrella.

p-hacking is a much bigger concern when the cost of measuring many attributes is so
low. Leave out a test set and document all experiments to avoid it. GPT makes the cost
of measuring attributes very low. It is easy to test out dozens or even hundreds of attributes. It is
also trivial to run one attribute with many different definitions. Intentionally or not, this presents a
major concern for p-hacking, where hundreds of attributes or attribute variants are run, and only those

reaching statistical significance are reported.

This is a novel problem but not unprecedented. There are numerous other situations where a glut of
measurements exist and can be cherry picked (e.g. Census or World Bank variables). We again put
forward that GPT is a measurement tool and just like those other situations, the measurement must

be used in a statistically valid way.

Here we recommend three important approaches to consider. First, this problem has been a major
one in computer science and machine learning for a while. ML involves high dimensional relationships
between inputs and outputs. A classic problem when training ML models is overfitting, where there

are too many parameters / coefficients in the model for the amount of data. Overfitting means that
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the parameters / coefficients of the model “memorize” the training data, rather than learning useful
heuristics that generalize well. This leads to models which are extremely accurate on the training data,

but do not perform well on other data sampled from the same population.

A key insight from machine learning is the use of separate training and testing data. ML researchers
almost always leave out a portion of their overall data corpus from all training steps. They only test
their model’s performance on this data after training is completed. If the model is overfit, it will
perform significantly worse on the test data it has never seen before. If it is not overfit, it has learned

useful, generalizable heuristics that apply to the whole population.

We recommend a similar strategy when using GPT to analyze qualitative data, especially if quantifying
many attributes. If possible, it is best to conduct all experiments, attribute selection, and significance
tests on a “training” random subsample of the corpus (say, 50%). Then, only after attributes are
finalized should they be run on the left out “testing” set, and the significance of these results should be
reported. A third validation sample can be used during “training”, also left out but used periodically

to ensure there is no overfitting.

Like with ML models, our concern here is a high dimensional parameter space — too many attributes
could just be reflecting statistical noise and not significance. Overly refined attributes could just be
learning quirks of the training data, not the population. Leaving out a test set for evaluation assuages

these concerns.

Our second recommendation is to document all attributes that are tested, any significant variants
in attribute definitions, and track the overall count of attributes measured. This mainly applies to
situations where many attributes are measured, there are few datapoints, or the relevant regression /

significance test is not strong.

Third, we recommend considering the appropriate significance threshold for your situation. For example,
if hundreds of attributes are measured (which may be correct and interesting), a stricter significance
threshold might be in order.

Don’t spend too much time trying to find the perfect prompt — but ensure your attributes
are clear, parsimonious, and well scoped. We show in our validation section that GPT is robust
to different ways of writing the same prompt. Like a human, it understands the idea of what is being
asked and is not overly anchored to the precise text. Good prompting is helpful, and concise prompting

keeps costs down on large runs. However, we find it unnecessary to fixate on precise prompt wording.

Instead, ensure attributes reflect interpretable human concepts. A great advantage of GPT is it
can measure interpretable, natural language ideas. Research has often had to rely on technical and
tangentially related metadata constructs that don’t truly capture the intended concept. A well scoped

GPT attribute can be exactly what is desired, in plain language.

Leverage scale and parallelization. The truly unique power of GPT here is not intelligence,

but cheap intelligence at enormous scale and speed. This allows enormous qualitative corpora to be
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analyzed. The value proposition of GPT is quite enhanced if your approach scales well to thousands of
GPT instances reviewing thousands of documents separately. In particular, parallelization dramatically
speeds up the process. GABRIEL is built so that hundreds of separate GPT calls are running
simultaneously, each rating attributes on its own passage from the corpus. It is also better practice
to use generalizable prompts where different entities / passages / attributes can be substituted in
programmatically. Prompt templates, parallelization, and structured outputs like JSON allows GPT’s
intelligence to scale to very large corpora. These are all built into GABRIEL, but we recommend them

in any alternate pipeline as well.

GPT excels at descriptive statistics and filtering data. Even before any analysis, passing a
qualitative dataset through GABRIEL is a good way to understand the data and get descriptive trends.
Measuring attributes (e.g. “formality” or “uses misinformation”) or extracting information (e.g. “year
of invention” or “university affiliation”) on a qualitative dataset can reveal important trends over space,

time, and type.

A major advantage of GPT-based descriptive statistics is that they are parsimonious. Unlike standard
metadata (e.g. number of posts, word count, etc), GPT can measure interesting and interpretable
signals. These descriptive statistics are often novel in their own right, and are useful in guiding further
inquiry. They also help cut the data on conceptual lines — if you have a large dataset of parliamentary
speeches and you wish only to analyze those pertaining to environmentalism, you can classify and

screen for that first and subset to those speeches.

Rule of thumb: could you measure what you are asking GPT to measure? A simple
question to ask yourself when asking GPT to measure something is whether you would be able to
measure that same thing yourself, given copious time on any given datapoint. It is true GPT can notice
subtle patterns a human would miss in the noise, if only because it can be run across a much larger

dataset. Nevertheless, this heuristic is a good place to start when conceiving of a GPT measurement.

C. Methods explained in detail

C.1. Systematic replication pipeline

Here, we detail the exact steps used to generate our large-scale replication corpus. See Figure 12 for a

schematic.
1. Begin with all 317,000 text databases hosted on HuggingFace.

2. We filter these to those tagged as having either “expert-generated” or “crowdsourced” or “human-

curated” annotations, then filter only to those with open licenses (MIT, Apache, CC, etc).
3. We then run a classification layer to check whether the dataset as hosted on HuggingFace is:

(a) Document-level data
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(b) With gold-standard annotations
(¢) Text-only inputs (no multimodality)
(d) Not a QA task (like a multiple question quiz — this is not what we want to evaluate)
(e) Complete as hosted on the platform.
4. We then download, clean, and reformat each candidate dataset.

5. We dynamically generate attribute names and definitions which best match the variables of interest

based on the context.

6. We replicate the labels using GABRIEL and evaluate the performance of our model.

C.2. Validity of Wikipedia

For our purposes, Wikipedia is largely representative. Research shows that article authorship is broadly
spread around the world. While a Western bias does exist and 15% of authors are from the US,
this distribution is in line with the global GDP distribution, which might matter most in sourcing
technologies. We observe that the existence of a Wikipedia article is strongly predicted by that entity
being of historical significance. Top cited economists are almost all on Wikipedia; there is a strong
linear decline in Wikipedia likelihood as citation count decreases (Figure 52). This validates Wikipedia
as a good source of important entities, since it is predicted here by a ground truth source of importance

(citations).

Finally, in Figure 53, we apply a similar method to Supreme Court cases. We find that reference count
by lower courts to prior Court cases — a real world signal of historical significance — is well correlated
with the likelihood of a Wikipedia article about that Court case.

Importantly, this data set allows us to analyze the distribution over time. Ideally, we want an
unbiased dataset over the Industrial era where the likelihood of a case appearing on Wikipedia is
strongly correlated with its reference count and not correlated with its year. We do see a significant
correlation with year, meaning that newer cases are more likely to have Wikipedia articles. However, the
distribution is still quite representative of the overall time period and recency bias does not dominate.

Further filtering attempts to address these remaining biases later.

D. Statistical tests

Setup and weighting. We analyze model performance on classification tasks with per—observation
weights given by the number of underlying instances, w; = n;. We retain rows with finite metric
values and positive weights only. For each model j, we define its knowledge cutoff date c; and split
observations by timestamp ¢; into pre (t; < ¢;) and post (t; > ¢;) groups. When reporting sample sizes
we show both the raw counts (npre, Npost) used in estimation and, internally for inference, the Kish

effective sizes.
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Figure 52: Matching economist names to Wikipedia articles - more cited economists are more present

D.0.1. Pre—post difference in weighted means (Welch test)

For a given performance metric x; € [0,1] (F1 or accuracy), we estimate for each model j the pre and

post weighted means
Ziepre Wi Ty

ZiEpre Wi

_post __ Zz’Epost Wiy

’ w
ZiEpost Wy

—pre _

wo )

and the difference A; = zPst — zPre.

We construct a two-sided Welch (unequal-variance) test and confidence interval for A; using unbiased

weighted variances and effective sample sizes. For group g € {pre, post} with weights {w;} and values

{xi}a

2
2 = Dicg Wi (zi — jw,g)Q neff (Ziég wi)
) - 2 - 2 :
o S wp — Lieg™ I Yicg W;
1eg Zieg w;

The variance of the weighted mean is approximated by 3121,79 / ngﬁ, yielding

Var(A;)

~
~

2 2
Sw,pre Sw,post
eff eff
npre npost
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Proportion of Wikipedia across Supreme Court Cases with at least 1 citation
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Figure 53: Matching Supreme Court cases to Wikipedia articles - more cited cases are more present

Degrees of freedom follow the Welch—Satterthwaite approximation,

2 $2 2
Sw,pre w,post
eff eff
df _ npre npost
- 2 2"
2 ;2
Sw,pre Sw,post
eff eff
"'pre npost
neff —1 + neﬁ _
pre post

We report two-sided p-values for Hy : A;j = 0 and 100(1—a)% confidence intervals Aj=+t,_, /5 ar-SE(A;)
(with o = 0.05). If either group’s effective size is too small, the test and CI are not reported (set to

NA). Cutoff dates and (npre, npost) are shown alongside each estimate.

D.0.2. Descriptive model summaries (weighted moments and quantiles)

Independently of pre/post splits, we summarize each model’s distribution across classification tasks
using weighted moments and quantiles. For metric values {z;} and weights {w;} we compute the
weighted mean and median, as well as the interquartile interval IQR = [Qo.25, Qo.75] from weighted

percentiles. Weighted quantiles are obtained by sorting x;, forming normalized cumulative weights

.0
K3

C) = Ziﬁk Y and linearly interpolating the desired probability level p on C} to recover @,. In tables
we preserit, for each model, the weighted mean, the weighted median, and the IQR as [Qo.25, Qo.75;
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the best (largest) mean and median are highlighted in bold. All summaries restrict to rows with finite

metric values and positive weights. We filter to observations whose task label includes “classification’

and use w; = n; for weighting.

E. Cost comparisons

For the SOTU line, we tokenize the entirety of the source corpus of SOTUS from jsulz (2025) and find
Tin = 2,286,149 input tokens across N = 240 addresses. We also compute total words directly from the
corpus text, yielding 1,973,012 words. We fix 250 output tokens per address (Toys = 60,000), allowing

for small amounts of reasoning.

Model costs follow current pricing:
Cost = (%)pin + (%)pouta

e.g., for gpt-5-mini: (2.286149) - $0.25 + (0.060) - $2.00 = $0.6915 ~ $0.69 (OpenAl, 2025a).

For the human benchmark we compute total words directly from the corpus text, divide by the
meta-analytic adult silent reading speed (non-fiction ~ 238 wpm), add ~ 2 minutes per item for
rubric/entry, and apply a $15/hour target wage plus a 20% platform fee—yielding ~ 146 labor-hours
and ~ $2,631 for a single-rater pass (Brysbaert, 2019).

For sermons, we assume 100,000 items at ~5,000 words each (based on Pew’s nationwide study of
online sermons reporting a median ~37-minute sermon, i.e., ~5-6k words). To translate words to
tokens for model-pricing calculations, we use the common heuristic 1 token ~ 0.75 words, implying
~ 666.7M input tokens and 25M output tokens (250 per item), priced with the same formula (Pew
Research Center, 2019).

1 1
human cost (SOTU) = 1,973,012 X — x— x 15 X 1.2
—— 238 60 ~~ ~~

words $/hour  platform (4+20%)

wpm

+ 240 x 2 xi><15><1.2
—~ ~~ 60

N entry min/item

~ $2,631.
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1 1
human cost (sermons, 100,000 items) = 500,000,000 X — x— x 15 x

1.2
—_— 238 60 ~~ ~~
words (100,000 5,000) m $/hour  platform (+20%)

1
+ 100,000 x 2 X— x 15 x 1.2

N entry min/item
~ $690,252.
2 286 149 !lﬂl]() nano
model cost (SOTU; nano) = 34,9 X ’ 246 XI)IE)G + &4,9 X 250 X /)(1)#16
N ——— N output tok/item
avg input tok/item
Pin Pout.
= 2,286,149 x —— 60,000 x —=—
it/ A ) RN AT
Tin Tout
0.05 0.4
= 2,286,149 x —— + 60,000 x —
U 106 +69, 106
~ $0.14.
5 000 r 11%111(} 7 nano
model cost (sermons; nano) = 100,000 x ( ) ) oy 100,000 x 250 x Lout
—_——— 0.75 106 —_——— ~ 106
N ~— N output tok/item
input tok/item = 6,667
— 666,666,667 x = + 25,000,000 x 221
2P 06 NG AT
Tin (approx) Tout

0.05 0
— - 2 _
= 666,666,667 x 106 + 25,000,000 x 106

~ $43.

Table 38: Input cost (USD) per 1M tokens: human vs. GPT models. Full detail on the calculations is
provided in Appendix E.

Method / Model Cost per 1M input tokens
Human (wage-only; 238 wpm, $15/h) $662.50
Human (+20% platform) $795.00
GPT-5 nano (API input rate) $0.05
GPT-5 mini (API input rate) $0.25
GPT-5 (API input rate) $1.25
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