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Abstract

Generative large language models (LLMs) are
now used extensively for text classification in
computational social science (CSS). In this
work, we focus on the steps before and after
LLM prompting: conceptualization of the cat-
egories to classify and using LLM predictions
in downstream statistical inference. We argue
these steps have been overlooked in much of
LLM-era CSS and LLMs can tempt analysts to
skip conceptualization altogether. For example,
a political scientist classifying “protest” with
LLMs may never be forced to craft a definition:
unlike human annotators who would ask clari-
fying questions, an LLM can silently accept an
underspecified concept to classify and return
plausible-looking labels. Using simulations,
we show that conceptualization failures induce
downstream inferential bias that cannot be cor-
rected solely by a more accurate LLM or post-
hoc bias correction methods. We conclude by
reminding CSS analysts that conceptualization
is still a first-order concern in the LLM-era and
provide concrete advice for pursuing low-cost,
unbiased, low-variance downstream estimates.

1 Introduction

Text classification—Ilabeling documents with pre-
defined (often complex) concepts—is a fundamen-
tal task in computational social science (CSS). “Tra-
ditional” text classification using supervised mod-
els is well understood and widely used as a social
science methodology (D’Orazio et al., 2014; Wilk-
erson and Casas, 2017; Grimmer et al., 2022; Bar-
berd et al., 2021). However, approaches to text
classification have fundamentally shifted in the era
of generative large language models (LLMs).
Analysts can now use LLMs for “zero shot” clas-
sification: prompting an LLM with the task de-
scription, the target document, and instructions to
generate a class label. This approach to classifica-
tion has led to a proliferation of optimistic claims
that one can replace human annotators with LLMs
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(Gilardi et al., 2023; Ziems et al., 2024; Tornberg,
2024, inter alia).

LLMs clearly reduce analyst effort and annota-
tion costs, potentially broadening access to text-
based CSS methods. However, there are tradeoffs
to this “faster and cheaper” approach. First, previ-
ous work has found the performance of zero-shot
LLMs is limited for more “complex” CSS tasks
(Thalken et al., 2023; Bamman et al., 2024; Hal-
terman and Keith, 2025). Second, other work has
emphasized the potential for statistical bias if one
uses only LLM-generated labels in downstream sta-
tistical inference (Egami et al., 2023; Gligoric et al.,
2025; Baumann et al., 2025).

Complementing this prior work, we highlight
the important but often overlooked step prior to
LLM prompting: creating codebooks that define
the semantic classes of interest and describe an-
notation procedures. To set up the claims we will
subsequently make, we limit our discussion to text
classification tasks that satisfy two assumptions.

Assumption 1. Existence of a gold standard la-
bel for each document. Given a codebook—a
fully specified definition and set of instructions C—
there exists a true, gold standard label Y; for each
document X;. This assumption excludes purely
subjective or interpretive classification tasks, and
rules out truly ambiguous documents.! It does not,
however, rule out the possibility of different gold
standard labels existing for the same document un-
der different codebooks: there can exist a C’ such
that Y;|Xu C 75 }/Z|Xz, .
Assumption 2. Existence of an expert annotator
with oracle scoring. Following previous work on
bias correction (Angelopoulos et al., 2023; Egami
et al., 2023), we assume there exists an “expert”
annotator who can annotate a document with its
"Note, we acknowledge there are many important subjec-
tive classification tasks in NLP. Our excluding them is not a

normative judgment of their importance, but rather a distinc-
tion needed for our technical claims.
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gold standard label: Y;| X;,C = Yprert|X¢, C =
fexpert(Xi, C). Note, though, by Assumption 1,
that there can exist a C’ such that fexperi (X, C) #
fexpert(Xia C/) .

Limiting ourselves to text classification tasks
that follow these two assumptions, we spend the
remainder of this paper expanding on and providing
evidence for the following three main claims:

Claim 1. Annotation errors can be decomposed
into conceptualization and scoring errors. An-
notation errors, including errors in LLM-generated
labels, result either from conceptualization errors—
resulting from incomplete® class definitions in a
codebook—or from scoring errors—annotator mis-
takes from incorrectly applying class definitions.>
This decomposition draws on the social science
measurement literature (Adcock and Collier, 2001;
Fariss et al., 2020) and contemporaneous work in
computer science (Wallach et al., 2025); see §A for
background on these definitions and related work.

Claim 2. LLMs can tempt analysts into skip-
ping conceptualization. In the pre-LLM era, text
classification projects required human annotations.
Although collecting human annotations is costly,
they serve a useful forcing mechanism: human an-
notators require detailed coding instructions, forc-
ing analysts to carefully define concepts in code-
books. LLLMs, in contrast, can “fail silently”: they
can generate plausible labels, even in the absence
of well-defined classes. In §3, we provide real-
world examples of computational social scientists
short-cutting the conceptualization step when using
LLMs.

Claim 3. Neither post-hoc bias correction meth-
ods nor a more accurate LLM can overcome
conceptualization-induced bias. The science as-
pect of computational social science implies that
predicted labels are used in downstream statisti-
cal inference, e.g., a correlation (regression) anal-
ysis. In recent years, methodologists have pro-
posed unbiased estimators that combine (noisy)
LLM-predicted labels with gold-standard human
labels, such as PPI (Angelopoulos et al., 2023),
DSL (Egami et al., 2023), and CDI (Gligoric et al.,
2025). Yet, expert annotators—who by Assump-
tion 2 do not make scoring errors—can still pro-
duce incorrect labels if provided with “incomplete”

%See §3.5 for discussion of “complete” versus “incom-
plete” codebooks. Fariss et al. (2020) use the term “translation
validity” for this concept.

384 discusses potential tradeoffs between these.

codebooks. These errors will result in biased down-
stream estimates even after applying post-hoc cor-
rection methods such as PPI or DSL. Likewise,
conceptualization-induced bias cannot be corrected
solely by more accurate LLM classifiers: increas-
ing LLM accuracy (with an incomplete codebook
as input) cannot address bias. We provide simula-
tion experiments to support this claim in §5.

Our three claims reinforce the thesis of this pa-
per: in LLM-era text classification, conceptual-
ization remains a first-order concern, as it was in
pre-LLM era CSS text analysis.

In the next section, we introduce a running ex-
ample of classifying PROTESTS and a set of (fic-
tionalized) vignettes expanding Claims 1 and 2.
We expand our conceptualization suggestions in §3
and LLM-scoring suggestions in §4. Finally, in §6,
we recommend a path forward for LLM-era CSS
measurement.

2 Running Example: Protests

To ground our arguments in a real-world applica-
tion, we use a running example of PROTEST clas-
sification, a well-studied task in social science re-
search; see Figure 2 and §B for additional examples.
Consider a political scientist studying the effects of
exposure to protests (independent variable) on anti-
incumbent voteshare in a semi-autocratic country
(dependent variable) across geographical regions in
a single time period. They hypothesize that large,
public, peaceful protests lower the perceived costs
for others to express opposition. To test this the-
ory, they collect a news corpus and require binary
protest labels for each document in the corpus.

In Figure 1, we use this PROTEST example to
illustrate the three main steps for classification in
CSS: conceptualization, scoring documents, and
downstream statistical inference. Conceptualiza-
tion transforms a background concept (e.g., “a
protest”) to a systematized concept written in a
codebook.* In the current LLM-era, scoring con-
sists of an LLM which takes as input the codebook
and documents to make predictions. Predictions
are then used in downstream estimates of, e.g., the
mean (prevalence) or correlation (regression) with
other variables.

A conceptualization error arises from an incom-
plete codebook: the analyst’s written definition
does not fully specify the target concept, so even

*§A provides greater details on this terminology.
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A. Conceptualization

2. Systematized

A.
1.Background r
Concept

Concept

A broad constellation of
meanings associated with
a given concept

The stipulative definition of
the concept written by an
analyst in a codebook (C)

C: “A protest is a
gathering [...] includes
violent protests [...]"”

Example: “protest”

B. Scoring

B.
>
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Inference

4. Downstream

3. Measurements/ C. >
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Predictions

Binary classes: for each text
(X), the LLM prediction that
the text contains concept
(Y=1) or not (Y=0)

Estimates using the
predictions
(e.g., of prevalence)

Yi = f(C Xi)

R
ezﬁgy,

*This naive estimator is likely biased!
See Algorithm 1

Figure 1: Text analysis with codebooks and LL.Ms. Conceptualization transforms a background concept (e.g., “‘a
protest”) to a systematized concept written in a codebook. In the current LLM-era, scoring consists of an LLM
which takes as input the codebook and documents to make predictions. Predictions are then used in downstream
estimates of, e.g., the mean (prevalence) or correlation (regression) with other variables.

an expert annotator under Assumption 2 could pro-
duce incorrect labels for some documents. For
example, if the codebook defines PROTEST with-
out addressing whether violent events are included,
then a riot may be labeled as a protest despite the
analyst’s intent to exclude it. A scoring error arises
during annotation: the codebook fully specifies the
concept, but the annotator (human or LLM) mis-
applies it to a particular document, producing a
different answer than that of an expert (oracle) an-
notator.

In the next sections, we present stylized extreme
archetypes in vignette form—an LLM pessimist
and optimist—to illustrate the tradeoffs at each ex-
treme. We then introduce our recommended “prag-
matist” approach. To simplify the math and make
our points even clearer, we use an even simpler
downstream inference goal: estimating the propor-
tion of PROTEST documents in a corpus of size IV:
0 = E[Y] where Y = 1 indicates a news article
contains a protest (according to a fully specified
codebook (') and Y = 0 indicates an article does
not. Each analyst seeks to obtain unbiased esti-
mates of this parameter with low variance and low
cost (in terms of time, compute and annotation
expenses).

2.1 Vignette: The LLM pessimist

Imagine an “LLM pessimist” who follows a tra-
ditional, pre-LLM process, eschewing any LLM-
generated labels. They spend approximately a year
obtaining a grant, then spend six months itera-

tively developing the codebook C,’ and another six
months obtaining the final gold-standard human
annotations (Y;) on j = 1,2,...,n news articles,
where sampled documents n < N.% Then their
point estimates and 95% confidence intervals (Cls)
under a normal approximation are

R 1<
Opess = — ;
pess = = > Y (1)
Jj=1
R 62
95% CIs: Opes = 1.964 ) —2 (2)
n

where 65 is the empirical variance of the gold-
standard annotations, Y.

The advantage of the LLM pessimist approach
is that their prevalence estimate, épess, will be un-
biased (under Assumption 2). However, this ap-
proach has the disadvantage that it is extremely
costly in terms of analyst time and annotation ex-
penses.

2.2 Vignette: The LLM optimist

Most CSS work has presented an optimistic view
of LLMs replacing annotators; notably, Baumann
et al. (2025) systematically review 103 papers that
use or benchmark LL.Ms in CSS and find “88% of
reviewed papers recommend using LLMs for data
annotation tasks.” Our fictional “LLM optimist”

SWe think these are realistic estimates as Gerner et al.
(2002) note, “CAMEOQO itself required about six months to
develop, with between three and six people involved in the
process at various times.”

®We assume N is sufficiently large that it is cost-
prohibitive to manually annotate the entire corpus.
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Algorithm 1 Prevalence (mean) estimator with LL.Ms; adapted from Angelopoulos et al. (2023)

Input: Unlabeled texts {X;} |, codebook C, texts with (gold-standard) human labels {(X;, Y;)}"

j=1

LLM-predictions Y = frm(+), error level a = 0.05

HAf — % Zz]\;l f(C7 Xl)
Al (10.X) - )
R TN

2, 1N NI %
63— % T, (F(Cx0) - 07)

N2
5t 0f_y %Z?:l(f(can)_Yj_A>
aija-J%*Y
N

A A

6: w <+ 1.96

> LLM-only prevalence estimate
> empirical “rectifier” using human labels

> “prediction-powered” estimate

> empirical variance of LLM estimate

> empirical variance of empirical rectifier

> normal approximation to Cls

Output: Prevalence point estimate, 6P and 95% confidence interval, CFP = (éPP + w)

takes these high-level findings at face value, and
defaults to a simple approach. They input all N
news articles into an API-based LLM, f(-), with
the prompt “Classify as protest: yes/no”. Thus,
their codebook definition (C’) consists of only the
surface-form of the class label, “protest”, in con-
trast to the pessimist’s fully specified codebook C'.
They obtain a point estimate and 95% Cls via

N

~ 1 ~

aoptimist = N E f(C, Xi) (3)
=1

~2

N g
95% CIs: Oopiimist = 1.96 ﬁf 4)

where 6]% is the empirical variance of the LLM
predictions.

The advantage of the optimist approach is that
it is extremely cheap: they spent minimal time
conceptualizing the concept PROTEST, the LLM
predictions from an API were far cheaper than hir-
ing human annotators, and the analyst did not have
to install software and use expensive hardware to
train supervised models. However, even despite
obtaining labels for all N documents, they obtain
biased estimates (E[éoptimjst] — 60 # 0) for two rea-
sons. First, errors in the LLM’s labels (scoring
error) lead to biased estimates (Angelopoulos et al.,
2023; Egami et al., 2023). Second, their limited
codebook likely results in a conceptualization error:
E[Y|X, C] # E[Y|X, C]. For example, based on
the downstream inference goal we described in §2,
they should exclude violent events from their defi-
nition of protests. We return to and expand these
conceptualization and scoring errors in §3 and §5.

2.3 Vignette: The LLM pragmatist

Now, let us turn to a hybrid approach of an LLM
pragmatist. The pragmatist analyst spends a few
weeks conceptualizing PROTEST and writing a be-
spoke definition of PROTEST in a codebook. They
spend $10 inputting all NV news articles into an API-
based LLM with their full codebook definition.’
Finally, they spend one day manually annotating
n randomly sampled examples. Combining their
n gold-standard annotations with the N LLM pre-
dictions, they obtain a prevalence point estimate
and confidence intervals via Angelopoulos et al.
(2023)’s “prediction-powered inference” (PPI) al-
gorithm, which we have adapted for codebooks and
LLMs in Algorithm 1.

This pragmatist approach has the advantage that
the estimates are unbiased; Angelopoulos et al.
prove their estimator is unbiased (under Assump-
tion 2) and has valid coverage for any error level.
Also, the pragmatist approach is much cheaper
than the labor-intensive approach of the pessimist.
Because of these advantages, we recommend CSS
analysts adopt this pragmatic approach in future
studies. However, even a pragmatist can improve
estimates by focusing on the following.

Avoiding conceptualization errors that come
from incomplete codebooks and result in statis-
tical bias. In §3, we provide real-world exam-
ples of possible definitions of PROTEST (that a
pragmatist might use) and what constitutes con-
ceptualization errors. In §5, we show that even
post-hoc bias correction methods cannot correct
for conceptualization-induced bias.

Reducing scoring errors from an LLM (increas-

" Alternatively, they may be able to use a supervised classi-

fier instead of an LLM. See §4.2.
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ing LLM accuracy) which reduces variance. As we
see in Line 6 of Algorithm 1, decreasing LLM scor-
ing (prediction) errors results in a decrease in &JZLY
which results in estimates with lower variance (nar-
rower Cls). While improving LLM accuracy is a
large focus of modern NLP research, we elaborate
on particular concerns for CSS analysts in §4.

3 Pragmatists Aim to Avoid Codebook
Conceptualization Errors

Conceptualization is the process of transforming
a background concept with a broad constellation
of meanings (“protest”) into a systematized con-
cept—which we denote as PROTEST; see Step A
in Figure 1. In this section, we describe how con-
cepts have traditionally been systematized in CSS,
explain how LLMs can tempt analysts to skip the
conceptualization step (Claim 2), provide guidance
on when conceptualization is sufficient, and dis-
cuss tradeoffs with LLM-assisted codebook devel-
opment.

3.1 Definition types in codebooks can vary.

In Adcock and Collier’s measurement framework,
analysts transform background concepts into sys-
tematized concepts through definitions, which we
categorize into three levels of specificity:

Type L. Surface form of label. The simplest
definition consists solely of the surface form of
the background concept, e.g., “Is this a protest?”
(the conceptualization used by the LLLM optimist
vignette). This assumes that the concept’s meaning
is self-evident or can be learned from background
corpora.

Type 1L Dictionary entry. Alternatively, one
could use a generic definition from a dictionary,
e.g., “A protest is a public (often organized) man-
ifestation of dissent.”® A dictionary definition is
intended to apply to many downstream use-cases.

Type I11. Stipulative definition. Often, social
scientists need a more specific definition than a
dictionary entry. In this case, a domain expert
could craft a stipulative definition, a new defini-
tion of a lexical unit for a specific context (Lycan
and Lycan, 1994; Hitchcock, 2021). For exam-
ple, Raleigh et al. (2010) defines PROTEST as “an
in-person public demonstration of three or more
participants in which the participants do not en-
gage in violence, though violence may be used

8WordNet (Miller, 1995) https: //en-word.net/lemma/
protest

against them.” This definition includes both in-
clusion criteria—a PROTEST must be in public

and in-person (not online)—and exclusion criteria—
violence by protesters, and protests with only one

or two participants are excluded.

3.2 The same background concept can map to
multiple systematized concepts

For most substantive applications, stipulative defi-
nitions are required because the same background
concept (e.g., “protest”) can map onto multiple sys-
tematized concepts. Figure 2 illustrates this vari-
ability with four different stipulative definitions of
PROTEST from real-world codebooks: the Auto-
mated Content Extraction (ACE) program (Dod-
dington et al., 2004); the Armed Conflict Location
and Event Data (ACLED), a widely used hand-
coded dataset on violence and protest (Raleigh
et al., 2010); the CAMEO event schema used
by several machine-coded event datasets (Gerner
et al., 2002); and the Crowd Counting Consortium
(CCC)’s codebook for US-specific protests (Crowd
Counting Consortium, 2024).

These codebooks differ as to whether a PROTEST
includes “violence by protesters”, the number
of participants required, whether online protests
are included, and several other aspects—see Ap-
pendix §B for the full definitions. Thus, at in-
ference time, the same text—e.g., the sentence
“a group of angry youth smashed the windows
of businesses”—would result in different gold-
standard class labels depending on the stipulative
definition, i.e. ;| X;, C # Y;|X;, C'. We empha-
size that this does not imply that one stipulative
definition is “more accurate” than the others. In-
stead, they reflect different conceptualizations that
are consequential for their specific downstream ap-
plications.

3.3 Zero-shot LLMs can tempt analysts to
skip conceptualization.

The advent of zero-shot classification with LLMs
has fundamentally altered the conceptualization
process by removing the forcing function that ex-
pert annotators provided. In the pre-LLM era, ex-
pert annotators effectively required Type III stipu-
lative definitions. Faced with ambiguous cases in
early pilot rounds of annotation, annotators might
ask clarifying questions such as: “Do labor strikes
count?” “How many people must be present?”’
“Does violence by protesters exclude an event from
the PROTEST class?” This forced analysts to de-

2047


https://en-word.net/lemma/protest
https://en-word.net/lemma/protest

ACE
Single person protest “a large number" required
Protest with violence by protestors "Riots" are included
Protest with violence against protestors No mention-likely included
Protest in favor of a policy No mention
Protest against business No mention-likely included
Online protests Likely excluded ("public place”)
Labor strikes Included
Hunger strike No mention

Civil disobedience No mention-likely included

Included

ACLED

3+ required

Explicitly excluded

Included

Excluded

Included

Explicitly excluded

Explicitly excluded

Explicitly excluded

No mention-likely included

Subclass

Excluded

CAMEO
Implicitly included
"Riot" subclass
Included
Coded as "diplomatic cooperation”
Included
No mention
Subclass within protest
Subclass within protest

Coded as "defy norms"

Separate class

Figure 2: Different stipulative definitions of PROTEST from real-world codebooks
aspects of protest definitions from the codebooks of ACE (Doddington et al., 2004), ACLED (Raleigh et al., 2010),
CAMEDO (Gerner et al., 2002), and the Crowd Counting Consortium (2024) (CCC). The length of the definitions
also varies: from around 40 (white-space) tokens in ACLED, to around 100 for CCC and ACE, to over 700 for

CAMEDO. See full definitions in §B.

velop precise stipulative definitions and explicitly
address edge cases.

In contrast, LLLMs can generate plausible labels
even when provided only Type I or II definitions
in their prompts. Instruction-tuned LLMs gained
widespread appeal due to their high generalization
performance given simple natural language instruc-
tions (Type I definitions) such as “Is the sentiment
of this movie review positive or negative?” (Wei
et al., 2022a).” This ability of LLMs to draw on
concepts learned during training is useful, but cre-
ates the risk of “silent failure”: the LLM can gen-
erate seemingly plausible labels without raising
questions or signaling ambiguity an expert annota-
tor would.

This temptation to skip conceptualization is ev-
ident in CSS papers in recent years in which re-
searchers used zero-shot LLMs with Type I defi-
nitions without addressing conceptualization con-
cerns. Brandt et al. (2024) provided LLMs with
a document and list of event labels without addi-
tional definitions. Ziems et al. (2024)’s experiments
across 25 CSS benchmarks largely excluded class
definitions from LLM prompts.'”

These current prompting practices—instructing

%Focus on generalization with Type I definitions has been
a long trend in NLP including “dataless classification” (Chang
et al., 2008) and applying general “commonsense” or “world
knowledge” (Zellers et al., 2018; Sap et al., 2019; Bisk et al.,
2020, inter alia).

10See, for example, mappings.py from their replication ma-
terials.

CCcC

No size limit
Included
Included

Coded as "rally"
Included
Included
Not coded (resource constraints)
No mention

Subclass within protest

Unclear

We manually categorize

the LLM to focus on generating particular labels—
potentially limit the ability of the LLM to raise
underspecification or ambiguity. In the next section
we discuss a complementary practice: how LLMs
could possibly be used in initial pilot rounds of
codebook conceptualization.

3.4 Using LLMs for (semi-)automation of
codebook conceptualization has tradeoffs.

Recent work has proposed incorporating LLMs
into the process of codebook conceptualization
(Dai et al., 2023; Gao et al., 2023; Xiong et al.,
2025; Zhong et al., 2025). While these approaches
have the advantages of decreasing analyst time
used for conceptualization and potentially surfac-
ing “edge cases”, empirically evaluating their per-
formance requires collecting expert labels across
several versions of a codebook. Whether LLM-
assisted codebooks overinflate analysts’ confidence
in the “completeness” of their codebooks is also an
open question.

3.5 What constitutes a ‘“complete” codebook?

Although no codebook can address all possible
edge cases, we propose two potential complemen-
tary standards for when a codebook is sufficiently
complete. We note that neither standard is fully
complete and flag this as an area for future work.
Community consensus on relevant aspects.
One completeness standard is that a codebook
should address all aspects that a community of
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domain experts agree are relevant for defining class
membership and possibly affect downstream infer-
ence. For PROTEST, experts would likely judge a
codebook as “complete” if it addresses all aspects
shown in Figure 2—participant violence, minimum
size, location, violence against protesters, etc.'!
This builds on an argument in the causal inference
literature that it “is impossible to provide an abso-
lutely precise definition of a version of treatment”
(Hernén, 2016) (675), and instead, “[d]eclaring a
version of treatment sufficiently well-defined is a
matter of agreement among experts based on the
available substantive knowledge” (676).

Expert agreement as an operational test.
Drawing on our two assumptions (the existence
of a gold standard label, and of an expert annota-
tor who perfectly applies codebook definitions), a
second practical standard is that two expert anno-
tators, working independently with only the code-
book (and no additional communication), should
achieve near-perfect inter-annotator agreement, i.e.
construct reliability (Jacobs and Wallach, 2021).
However, the stringency of these two assumptions
limits the practicality of this test.

These standards have an important implication:
conceptualization cannot remain implicit. An an-
alyst may have a clear mental model of PROTEST,
but it must be written down in a codebook!? to
ensure test-retest reliability (Jacobs and Wallach,
2021), and then this complete codebook should be
provided to both the expert annotators and LLM(s).

3.6 Conceptualization is not prompt
engineering.

Finally, we assert that conceptualization and
prompt engineering are not equivalent. A wide set
of prompt engineering techniques exists to improve
LLMs’ performance by modifying their input, for
example, by using few-shot learning, structured
chain-of-thought reasoning, or specific formatting
in the prompt. Because prompt engineering can
improve LLLM accuracy, analysts may believe that
prompt optimization can overcome failures of con-
ceptualization. However, as §5 shows, even a per-
fect annotator applying an incomplete codebook
will yield biased estimates.

As another applied example, consider the definition of
civil war: how many annual battle deaths are required? Are
anti-colonial wars included?

12In the appendix we further formalize this claim; the “reli-
ability error” row in Table Al.

4 Pragmatists Aim to Reduce LLMs’
Errors in Applying Codebooks

Post-hoc correction methods guarantee unbiased
estimates—under Assumption 2—but analysts also
want precise, low-variance estimates. Increasing
LLM accuracy (decreasing scoring errors) yields
downstream estimates with less variance (e.g., nar-
rower CIs), but comes with cost tradeoffs. An
enormous amount of work is focused on improv-
ing LLMs’ ability to apply instructions or attend to
definitions in their context (Zhou et al., 2023; Hal-
terman and Keith, 2025; Nguyen et al., 2025). Here,
we highlight a few points that we believe compu-
tational social scientists can actualize in their own
work—intervening on the codebook and prompt,
the model, and the parsing of the output—and also
highlight the cost tradeoffs.

4.1 Optimizing prompts

The easiest point of intervention for researchers
seeking to improve LLM performance is to mod-
ify the inputs to the LLM, specifically the prompt
format and the codebook. LLMs’ accuracy is sensi-
tive to even small changes in prompt format (Sclar
et al., 2024; Schulhoff et al., 2024), including in
CSS (Atreja et al., 2025).

Longer codebooks increase computational costs.
The length and detail of codebooks imposes a trade-
off between conceptualization errors and LLMs’
errors in applying the codebook. Adding longer
clarifications, positive or negative examples, or
“FAQs” on edge cases may more precisely define
their classes, but LLMs are known to struggle with
longer contexts, even prompts that fit within their
maximum context length (Hsieh et al., 2024; Levy
et al., 2024; Liu et al., 2024; Hong et al., 2025). Itis
thus possible that a very detailed codebook may de-
crease accuracy. Moreover, there is some evidence
that (stipulative) definitions in the prompt may not
always override the LLLM’s pretrained sense of a
word or concept (Nguyen et al., 2025).

Automated prompt optimization requires addi-
tional annotations. Analysts may turn to auto-
matic prompt engineering techniques such as Au-
toPrompt (Shin et al., 2020), DSPy (Khattab et al.,
2023), or using LLMs themselves to optimize
prompts (Zhou et al., 2022). However, these tech-
niques still require (1) an initial prompt and (2)
additional gold-standard labeled examples against
which the prompts are optimized.
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4.2 Optimizing models

Second, researchers can reduce LLM’s labeling
error via the choice or modification of the LLM
itself. In general, larger models are more accurate
(Kaplan et al., 2020) but require more compute
(either locally or behind APIs). In addition to this
obvious choice of which LLM to use, applied CSS
researchers may want to consider two other options
that have been shown to increase performance, of
course, with tradeoffs.

Fine-tuning requires open-weight models and
more annotations. Halterman and Keith (2025)
show that parameter-efficient supervised fine-
tuning (SFT) can improve LLM performance on
three CSS datasets. However, SFT precludes the
use of closed-weight LLMs and requires a large
investment of time and computational resources. It
also imposes additional data requirements: a gold
standard example can be used either for SFT or for
post-hoc bias correction, but not both.

Using multiple models increases computational
costs. An exciting area of current research is how
to best combine multiple LLMs, or combine LLMs
with older-generation (smaller or encoder-only)
models. Pangakis and Wolken (2024) and Hal-
terman (2025) propose using distillation methods:
using a larger LLM (the teacher model) to generate
“silver standard” labels and then fine-tuning smaller
open-weight models or supervised classifiers (the
student model) on these generated labels.

4.3 Optimizing model outputs

Analysts may also be able to improve performance
by focusing on the outputs of an LLM (at inference
time), again with costs.

Scaling test-time compute increases computa-
tional costs. Iterative inference methods, e.g.,
chain-of-thought reasoning (Wei et al., 2022b) and
attempts to “scale test-time compute” (Snell et al.,
2024) have been shown to improve LLM accuracy,
but at the cost of many additional output tokens.

Calibrated probabilistic classifications require
more annotations. Prevalence estimation and other
downstream inference estimators can often achieve
better estimates by using “soft” classification proba-
bilities, J5(Y = 1]/X) (Keith and O’Connor, 2018).
Obtaining well-calibrated probabilities from a gen-
erative LLLM, either using token probabilities or
“verbalized confidence scores,” is still an open chal-
lenge (Tian et al., 2023; Xiong et al., 2024)."3 Fu-

Even extracting hard classification labels from a genera-

ture work could examine how to optimally allocate
a portion of one’s gold-standard annotation budget
to supervised methods for calibrating confidence
scores, i.e., Platt scaling (Platt et al., 1999).

For a given CSS project, the benefits of in-
creasing LLM accuracy and decreasing vari-
ance of downstream estimates may be worth the
costs. However, we emphasize that none of these
LLM techniques alone are able to correct for
conceptualization-induced bias, which we elabo-
rate on in the next section.

5 Simulation Experiments

This section provides simulation evidence for
Claim 3: that conceptualization errors cannot be
fixed solely by post-hoc bias correction methods.
We focus only on the “pragmatist” approach that
combines LLM-generated labels and gold-standard
(human) labels.'* To simplify experiments and
avoid noise from natural language text, we do not
generate synthetic text or apply an LLM, and in-
stead we generate (simulated) structured data to
represent different codebooks and annotations on
documents.

We simulate a dependent variable Z; that de-
pends on whether a (true, non-violent) protest oc-
curs (D; = 1), and whether the event is violent
(Vi=1):

Zi=Bo+1D; + BiVi+ BoXi+€  (5)

where 7 = 1 is the true positive effect of peaceful
protest, 51 = —5 is the negative effect of violent
events, X is a covariate, and ¢; lrlg N(0,0?%)

Under a complete codebook, expert annotations
are Yimmplete = D;, where D; is the true protest in-
dicator that by construction excludes violent events
(V3). Under an incomplete codebook that does
not address violence, expert annotations become
Y;mcomplete = D; V V;: violent events are labeled
as protests because the incomplete codebook gives
annotators no basis to exclude them.

Our simulated LLLM annotations follow the same
codebook-dependent labels with additional random
noise (see §D). We generate n = 1K gold-standard
human annotations deterministically given the com-
plete and incomplete codebooks respectively, and
generate N = 10K noisy “LLM” annotations, Y;.

tive model can be difficult (Schulhoff et al., 2024).
!“See §D for additional simulations under the “pessimist”
and “optimist” paradigms.
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Figure 3: DSL-corrected estimates from simulated
data (§5); we display the mean estimate (dot) and 95%
empirical intervals across 250 simulations (bars). N =
10, 000 per simulation, and the true effect is the dashed
line. Takeaway: Decreasing annotator scoring error
reduces variance, but use of an incomplete codebook
always results in biased estimates.

For estimation, we provide the gold-standard
human annotations, LLM annotations, and depen-
dent variable to the DSL correction method (Egami
et al., 2023).!5 We repeat the data generating pro-
cess (DGP) under 250 different random seeds and
use the empirical central 95th interval as the confi-
dence interval. See §D for the full DGP and addi-
tional simulation details.

The results in Figure 3 support Claim 3: the
DSL correction yields unbiased estimates when the
codebook is , with lower LLM errors pro-
ducing estimates with lower variance. In contrast,
when the codebook is incomplete, both the LLM
and expert labels are systematically biased because
the violence aspect is not included in the codebook
but affects the dependent variable in the regression.
In other words, if the expert annotators are given
a codebook that does not reflect the researcher’s
concept of protest, then their annotations cannot
recover the researcher’s desired estimand. This
reinforces our emphasis on “complete” codebook
conceptualizations.

'SWe note that Algorithm 1 presents PPI for prevalence
estimation, while here we use DSL (Egami et al., 2023) for
adjusting regression coefficients; both share the same core
logic of correcting LLM predictions using a small set of gold-
standard labels.

6 Conclusion and A Path Forward

In text classification CSS projects, LLMs are al-
most always used in a broader pipeline that in-
volves the definition of domain-specific concepts
and downstream statistical inference. In this work,
we show LLMs have already tempted analysts to
speed through the conceptualization process and
use the surface-form of labels (e.g., “protest”) in-
stead of full stipulative definitions. In the presence
of a conceptualization error (e.g., not distinguish-
ing a sub-aspect of a protest such as violence by
protesters), post-hoc bias correction methods will
still yield biased results due to bias in the human
annotations, posing a challenge for substantive con-
clusions in the social sciences. These points re-
inforce our thesis: conceptualization remains a
first-order concern, even in the LLM-era.

Going forward, we make the following recom-
mendations to CSS analysts who aim to obtain
low-cost, unbiased, low-variance estimates. First,
we recommend using the “pragmatist” approach
which combines gold-standard annotations and
LLM-generated predictions with post-hoc bias cor-
rection methods. We note, however, that it is an
open problem as to which correction method per-
forms best with finite samples for a given task; see
de Pieuchon et al. (2025). Second, LLMs cannot
fully replace the consensus from a community of
peer experts on whether a codebook is “complete”,
so we recommend that human domain expertise
be heavily incorporated into early pilot rounds of
creating the codebook. Finally, analysts will likely
be able to decrease variance in their estimates by
moving beyond vanilla zero-shot LLM approaches,
e.g., by increasing LLM test-time compute, fine-
tuning an LLM on a supervised dataset, or using an
ensemble of LLMs and supervised classifiers. Ulti-
mately, we believe that thinking holistically about
the entire pipeline: conceptualization, scoring, and
downstream statistical inference can help solidify
LLM-based classification as a rigorous methodol-
ogy in the social sciences.
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Limitations

Because our paper is primarily a conceptual one,
we see only a few limitations to our work. First,
as we describe in the introduction, we only con-
sider classification tasks that are not subjective
(Assumption 1). Post-hoc bias correction meth-
ods (e.g., DSL or PPI) also make this assumption;
however, there remain CSS text classification tasks
that do not fall under this paradigm. Additionally,
we only describe associative downstream statisti-
cal inference tasks, but likely some of the same
conceptualization-induced bias concerns could ap-
ply to causal tasks as well; see Feder et al. (2022)
for a review on causal inference with text.

Second, we only discuss fext classification in the
paper, but our argument could also be extended
to other data modalities, such as images, satellite
data, audio, or video, where gold standard labels
are defined using codebooks.

Third, for expository purposes, we only focus
on a single running example from political science:
protest classification. However, there are many
other complex classification tasks from the social
sciences that could similarly be examined using our
framework, such as the task of classifying the de-
gree of human rights violations from annual human
rights reports, or the task of identifying populist
rhetoric in text. These examples would both in-
volve careful work to precisely define human rights
violations and populism, respectively, and then ob-
tain labels from text.

Finally, we note that the landscape of LLMs
and NLP research is changing very quickly, so new
LLM methods that help with conceptualization may
emerge (see §3.4).
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A Additional Related Work

Literature on Measurement. The terminol-
ogy surrounding measurement is used inconsis-
tently across the literatures we draw on. Ad-
cock and Collier (2001) distinguish four stages
of measurement—background concept, system-
atized concept, indicators, and scores—connected

by conceptualization, operationalization, and scor-
ing. Wallach et al. (2025) adopt a closely related
four-level framework but rename the first task “sys-
tematization” and treat operationalization as en-
compassing the development of measurement in-
struments. Fariss et al. (2020) collapse the back-
ground/systematized distinction into a single “con-
ceptualization” stage and use “operationalization”
to refer broadly to the design of the data-generating
procedure, including the statistical measurement
model. Jacobs and Wallach (2021) use “opera-
tionalization” in the narrower sense of instantiating
a construct as a latent variable in a measurement
model and do not use “conceptualization” as a stage
label.

Codebook-based measurement compounds this
potential confusion because the codebook includes
both the systematized definition of the concept and
the operational decision rules, examples, and in-
structions for applying that definition. However,
other components of the “operationalization” stage,
including the choice of LLM, the prompting strat-
egy, sampling parameters, output parsing, and the
annotation interface, live outside the codebook. To
minimize ambiguity, we use “conceptualization” in
a broad sense to include any part of writing the
codebook, recognizing that this elides the concep-
tual/operational distinction within the codebook
itself but reflects how codebook development ac-
tually proceeds in practice. We use “scoring" or
“applying the codebook" to refer to the LLM or
annotator producing labels from documents using
the codebook. To avoid confusion, we limit our use
of the term “operationalization”.

Lexical Semantics. Linguists differentiate be-
tween semantic meaning derived from linguistic
form and semantic meaning derived from the con-
tent to which a speaker publicly commits (Bender
and Lascarides, 2022, p. 11). A social scientist’s
act of writing a new stipulative definition of a label
in a codebook can be seen as a new public commit-
ment to the meaning of that label. This act could
be viewed as meaning transfer or a deliberate se-
mantic shift (Bender and Lascarides, 2022, p. 52)
because there is typically a salient connection be-
tween a label’s existing sense (the “background
concept”) and the “nonce” sense in the codebook.

These deliberate semantic shifts are related to
polysemy (e.g., “kernel” meaning something dif-
ferent in computer science, math, and nutrition)
and the NLP tasks of semantic change detection
(Schlechtweg et al., 2020; Ehrenworth and Keith,
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2023) and word sense induction (Eyal et al., 2022;
Lucy et al., 2023). However, codebook definitions
differ in that they represent instantaneous, inten-
tional meaning shifts, rather than natural semantic
changes within a larger community over time.

Data Benchmarks. Echoes of our emphasis on
conceptualization and local stipulative definitions
also appear in work that formalizes and critiques
data benchmarks for machine learning and NLP.
Raji et al. (2021) warn against “de-contextualized”
data and claims of “general knowledge or general-
purpose capabilities” in data benchmarks. Wallach
et al. (2025) also observe that Al “researchers and
practitioners appear to jump straight from back-
ground concepts to measurement instruments, with
little to no explicit systematization in between.”
Zhou et al. (2025) call for the community to go
beyond static cultural benchmarks and call for “lo-
calization” over “generalization.” Datasheets for
Datasets (Gebru et al., 2021) asks authors “Is there
a label or target associated with each instance? If
so, please provide a description.” However, they
do not prescribe whether the description should be
Type II or Type III definition.

Other NLP work. While our work focuses on
corpus-centered classification (computational so-
cial science), other work aims to evaluate LLM
generative output using LLMs themselves, the so
called “LLM-as-a-judge” (Zheng et al., 2023), or
an ensemble/“jury” of LLLM judges (Verga et al.,
2024).

B Full definitions of PROTEST from
codebooks

This appendix provides the definitions of PROTEST
used in the four codebooks we examine in the main
text and Figure 2.

B.1 ACE

ACE uses the class label “demonstrate” to refer to
the concept of PROTEST in other datasets.

A DEMONSTRATE Event occurs when-
ever a large number of people come
together in a public area to protest
or demand some sort of official ac-
tion. DEMONSTRATE Events include,
but are not limited to, protests, sit-ins,
strikes, and riots.

B.2 Crowd Counting Consortium (CCC)

The CCC dataset classifies “protests” in a general
sense. It includes a specific “PROTEST" class, and
distinguishes between PROTEST, RALLY, MARCH,
etc. events. It defines the PROTEST class as

A crowd gathering in public to express
disagreement with, or disapproval or
anger or frustration toward, a specific in-
dividual or organization that is at or near
the crowd’s gathering point (e.g., a politi-
cian giving a speech, a corporate head-
quarters, a bank branch, a construction
site, a city hall), or in negative reaction to
a recent or current event (e.g., the killing
of George Floyd, the reversal of Roe v.
Wade).

B.3 ACLED
ACLED has the definition:

A ‘Protests’ event is defined as an in-
person public demonstration of three or
more participants in which the partici-
pants do not engage in violence, though
violence may be used against them.
Events include individuals and groups
who peacefully demonstrate against a po-
litical entity, government institution, pol-
icy, group, tradition, business, or other
private institution.

In their codebook, they describe how the follow-
ing are not recorded as ‘Protests’ events:

* “symbolic public acts such as displays of flags
or public prayers (unless they are accompa-
nied by a demonstration);”

* “legislative protests, such as parliamentary
walkouts or members of parliaments staying
silent;

* strikes (unless they are accompanied by a
demonstration); and”

* “individual acts such as self-harm actions like
individual immolations or hunger strikes.”

B4 CAMEO

The CAMEO codebook defines protests hierarchi-
cally. A protest is an event that fits any of the
following subclasses:

* Engage in political dissent, not otherwise spec-
ified
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* Demonstrate or rally

* Conduct hunger strike

» Conduct strike or boycott

* Obstruct passage, block [in protest]

* Protest violently, riot

Each of these subclasses in turn has further sub-
classes referring to the target or demand of the
protest. Each also includes examples, which we

omit from the word count provided in the paper.
Figure A1 illustrates an entry from the codebook.

CAMEO 1451

Name Engage in violent protest for leadership change
Description  Protest forcefully, in a potentially destructive manner, to demand leadership
change.
Usage Notes Target should be the actor who is expected to relinquish power. Riots that
demand new elections should also be coded here.
Egyptian demonstrators following a peaceful demonstration
the immediate of President Hosni Mubarak

Example

Figure A1l: Example entry for the CAMEO codebook,
illustrating the hierarchical definition of PROTEST. The
“protest” class includes “protest violently, riot” as a sub-
class, which has a further subclass of “engage in violent
protest for leadership change”.

C Breakdown of the pragmatic approach

In Table A1 we describe some additional ways one
may approach downstream estimation goals. Our
recommendation—the pragmatist approach with a
complete codebook—is highlighted in green and
the setting we explore in our simulation experi-
ments (§5) with an incomplete codebook is high-
lighted in red.

We note there are two other settings which look
similar to the pragmatist approach, but should be
avoided. First there could be a procedural error,
in which a complete codebook (C) is provided to
the LLM but an incomplete codebook (C) is pro-
vided to the expert annotators. We note that if
the complete codebook exists, it should also be
provided to annotators. Second, there could be a
reliability error in which an expert can provide
gold-standard labels with the conceptualization “in
their own head” and result in biased estimates. In
§3.5, we discuss how this violates construct relia-
bility.

D Additional Simulation Details

Here, we provide additional details on the simula-
tion experiments described in §5.

D.1 True DGP

Motivated by the real-world PROTEST codebooks
(Figure 2), we first simulate four aspects of a protest
that will not individually affect the dependent vari-
able. A political science domain expert (an author)
selected the hyperparameters to represent a (fairly)
realistic real-world scenario. For each instance, i,
we sample

* Z} ~ Bernoulli(0.2), meeting a basic protest
definition

* Z?% ~ Bernoulli(0.96), for events that are not
hunger strikes,

« Z3 ~ Bernoulli(0.9), for protests against
someone

« Z} ~ Bernoulli(0.88), for greater than 3 at-
tendees.

Then, we sample whether the protest is violent
which directly affects the dependent variable:

Vi ~ Bernoulli(0.05) (6)

Using these aspects, we deterministically set the
binary true protest label:

Di=ZYNZENZPNZENSY @)

We also sample a single covariate that will be
input into the downstream estimate

Xi ~N(0,1) (®)

In a real-world example, this covariate might be
something like voteshare in a prior election, the
degree of urbanization in the geographic unit, or the
union density of a region, each of which might be a
confounder for the number of protests (independent
variable) and later voteshare (dependent variable).

D.2 Simulating annotations

Given the instances from the DGP, we simulate the
following annotations. Following the pragmatist
framework, we sample n = 1,000 gold-standard
(human) annotations and N = 10, 000 LLM anno-
tations. Like the rest of our paper, our assumptions
are that (1) gold-standard human annotations are
under an assumption that the expert human anno-
tations will contain no labeling errors, i.e., will
completely adhere to the codebook they are pro-
vided; and (2) the LLMs are not perfectly accurate
and will have a certain amount of annotation error.
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LLM label Gold label Inference

Description

- Y = Expert(X,C) Unbiased (high var.)

Pessimist. High variance from only human labels (n << N)

Y= LLM(X,C) - Biased Optimist. No correction for annotation/scoring errors

Y= LLM(X, C) Y Expert(X,C) Unbiased Pragmatist. A complete codebook permits post-hoc correction.
Y=LLM(X,C) Expert(X ,C) Biased Procedural error. Gives incomplete C' to expert

Y= LLM(X,C) pert(X,-)  Unbiased Reliability error. Assumes an expert can label without C, see §3.5
Y- LLM(X,C) )7 = Expert(X ,C) Biased Conceptualization error. Incomplete codebook, see §5

Table Al: Comparing approaches to downstream inference, many of which combine LLM zero-shot predictions
with human expert gold-standard labels. Here, C'is a complete codebook and C' is an incomplete codebook. We
highlight the pragmatist row as the recommended approach, and also highlight the conceptualization error row

which corresponds to Claim 3.

Complete Codebook
Expert, Full N

True effect
(repeated each panel)

Pessimist (Expert, Small n)

Optimist (LLM / Noisy Annotator)

Pragmatist (DSL correction)

0.25 0.50 0.75 1.00
Estimated effect of protest

Incomplete Codebook

Expert, Full N

Pessimist (Expert, Small n)

Optimist (LLM / Noisy Annotator)

Pragmatist (DSL correction)

0.25 0.50 0.75 1.00
Estimated effect of protest

Figure A2: Simulation results comparing four estimation strategies across “complete” and “incomplete” codebook
conditions across 50 simulations with N = 10,000 documents and a regression model where peaceful protests
have a positive effect and violent protests have a negative effect. Results in blue (repeated in each panel) show
estimates from expert annotation of all N documents. “Small N and “DSL” conditions use 10% expert annotated
documents, and “LLM” uses labels for all N documents with 10% random error. The “incomplete” codebook omits

the instruction to exclude violent protests.

Complete codebook annotations. Under the
assumptions above, we simulate the human labels
under a complete codebook as a deterministic map-
ping from the true protest labels,

Ycomplete _ Dz’ ) (9)

)

Under the complete codebook, we sample LLM-
generated labels as additive noise from the true
protest labels with noise level 9,
P; ~ Uniform(0, 1) (10)
Aqomplete _ D; if P,>90 an
|D; — 1| if P, <§

Incomplete codebook annotations. Under a
complete codebook, the true protest label (D) and

the violent event label (V') are mutually exclusive,
i.e., via Eqn. 7 we can never have an instance for
which both D; = 1 and V; = 1. Under an incom-
plete codebook, annotators (both human and LLM)
only receive limited aspects of the protest defini-
tion, and they do not have access to the aspect that
excludes violent events. Thus, human annotations
using an incomplete codebook are

Yviincomplete — Di Vi Vz (12)

Likewise, the LLM is given the incomplete code-
book so also does not know to exclude violent
events and also annotates instances with error level
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P; ~ Uniform(0, 1) (13)
Yincomplete . D; VYV if P>0
" (DivVi)—1] if P, <d.
(14)

D.3 Estimation with DSL

The inference goal is to estimate 7. For each of
the two codebook settings, as input into the DSL
method (Egami et al., 2023), we provide the LLM
labels {Y;} |, the covariates { X}V |, and the de-
pendent variable {Y }¥, for all N instances. We
also input the gold-standard labels {Y;}" ; where
n < N (as we assume in §2). Specifically, we
fix n = %. We also provide DSL with the as-
sumed linear additive structure of the regression
coefficients we aim to estimate, Y ~ Y+ X.

D.4 Results

As we show in Figure 3, an incomplete codebook
results in bias that cannot be corrected for, even as
the LLM error approaches 0%.

In Figure A2, we use the same DGP but also
provide estimates for the other approaches (besides
pragmatists) described in §2. The regression setup
here is similar to our straightforward example of
mean estimation in §2: LLM “optimists” use the
LLM-produced protest labels ) directly in a re-
gression without any post-hoc bias correction. The
LLM “pessimists” use only the gold-standard la-
bels (Y) in the regression. Similarly to the mean
estimation in §2, the “optimist” obtains biased re-
gression coefficients, both from LLM’s annotation
error and conceptualization error, while the “pes-
simist” obtains unbiased estimates, but higher vari-
ance estimates from their smaller n.
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