
Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 22892–22910
July 2-7, 2026 ©2026 Association for Computational Linguistics

The Proxy Presumption: From Semantic Embeddings to Valid Social
Measures

Baishi Li1, Ta Yu1, Kelvin J.L. Koa1,2*, Ke-Wei Huang1,2

1National University of Singapore, 2Asian Institute of Digital Finance
# : baishili@u.nus.edu, ta.yu@u.nus.edu, kelvin.koa@u.nus.edu, dishkw@nus.edu.sg

Abstract

Natural Language Processing is rapidly evolv-
ing into a primary instrument for Computa-
tional Social Science, with researchers increas-
ingly using embeddings to measure latent con-
structs such as novelty, creativity, and bias.
However, this transition faces a fundamental
validity challenge: the “Proxy Presumption,”
or the reliance on geometric properties (e.g.,
cosine distance) as direct measures of social
concepts. We argue that without explicit val-
idation, unsupervised representations remain
entangled mixtures of the target construct (C)
and confounding attributes (Z) like topic, style,
and authorship. To bridge the gap between se-
mantic embeddings and valid social measures,
we introduce the Construct Validity Protocol
(CVP). Drawing on causal representation learn-
ing and psychometrics, the CVP offers a rigor-
ous pipeline from conceptualization to quanti-
tative verification. We further propose Coun-
terfactual Neutralization, a novel method us-
ing LLMs to reduce confounding in embed-
ding space. By providing a standardized Va-
lidity Suite—including tests for discriminant,
incremental, and predictive validity—this work
offers the community a toolkit to transform
heuristic proxies into robust, scientifically de-
fensible instruments.

1 Introduction

The core ambition of contemporary Natural Lan-
guage Processing (NLP) has expanded beyond pre-
dicting the next token; we are increasingly tasked
with measuring the social world. Recent literature
has pioneered the quantification of abstract social
constructs, proposing computational metrics for
concepts such as novelty, creativity, and bias (Mer-
rill et al., 2024; Lee et al., 2024; Bang et al., 2024).
This transition marks a pivotal moment: NLP is
evolving from an engineering discipline into a pri-
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mary measurement instrument for Computational
Social Science (CSS).

However, this ambition introduces a method-
ological challenge: the gap between theoretical
constructs (what we intend to measure) and com-
putational proxies (what we implement). In the
absence of established ground truth for latent social
variables, the field faces a risk we term the Proxy
Presumption: a convenient geometric property—
most commonly cosine similarity in embedding
space—is renamed as a theoretical construct with-
out sufficient validation (Caliskan et al., 2017; May
et al., 2019; Bolukbasi et al., 2016; Garg et al.,
2018; Kozlowski et al., 2019). We emphasize that
this is a recurring pattern across a substantial and
influential subset of NLP/ML measurement work
rather than an isolated mistake, while recognizing
meaningful variation in how rigorously different
papers validate their proxies. While vector distance
captures semantic divergence, equating it directly
with “innovation” or “creativity” assumes a strong
isomorphism between embedding space geometry
and social reality that may not hold.

While measurement validity is a general issue
in machine learning, the proxy presumption is es-
pecially acute in NLP because text is the primary
unstructured medium for computational social sci-
ence, and major nuisance dimensions (Z) in text
are inherently linguistic (register, dialect, pragmat-
ics, style). Moreover, many interventions that can
reduce confounding are text-native, including coun-
terfactual rewriting and language-aware debiasing
methods (Elazar and Goldberg, 2018; Ravfogel
et al., 2020; Blodgett et al., 2020; Sap et al., 2019).

This paper argues that such “measurement by re-
naming” can be formalized as a non-identification
problem: unsupervised embeddings compress mul-
tiple generative factors into a single representation,
entangling the target construct (C) with nuisance
attributes (Z) such as topic, author style, register,
or length (Locatello et al., 2019; Schölkopf et al.,
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2021). Without explicit disentanglement or design-
based controls, standard metrics may primarily cap-
ture method variance rather than the intended social
phenomenon (Zhou et al., 2022). For example, a
high cosine distance may reflect a genuine concep-
tual break, or it may simply reflect a vocabulary
shift. Even with perfect disentanglement, the cur-
rent practice still suffers from the mis-specification
issue: the function (such as cosine similarity) cho-
sen to represent the new concept may not be the
most suitable function that represents the functional
relationship between C and the document, exclud-
ing the influences from confounding covariates Z.

To address this challenge and support the matura-
tion of CSS, we introduce the Construct Validity
Protocol (CVP). Adapted from standards in psy-
chometrics and causal representation learning (Ben-
gio et al., 2013; Locatello et al., 2019; Schölkopf
et al., 2021), the CVP provides a roadmap for vali-
dating social variables in NLP. Our contributions
are fourfold:

1. A non-identification result: We formalize
why unsupervised metrics cannot reliably re-
cover latent constructs without explicit as-
sumptions or interventions (Locatello et al.,
2019; Schölkopf et al., 2021).

2. Methodological solutions: We propose
Counterfactual Neutralization and connect
it to existing debiasing/disentanglement tools
such as adversarial removal and nullspace pro-
jection (Elazar and Goldberg, 2018; Ravfogel
et al., 2020).

3. A Validity Suite: We define a standardized
suite of evaluations (stability/reliability, con-
vergent validity, discriminant and incremental
validity, known-groups checks, and criterion-
related evidence) to test whether a proxy
tracks the intended construct beyond nuisance
dimensions.

4. A forensic literature review: We analyze re-
cent publications (2021–2025) to document
the reuse of nearly identical similarity-based
instruments for distinct, sometimes contradic-
tory, constructs.

Scope and positioning. This paper is a position
and synthesis contribution: we propose CVP as
a community-facing reporting protocol for mea-
surement identification, not a final or exclusive
standard. We present CVP as a starting point that

should be iterated as evidence accumulates and as
NLP-specific failure modes are better understood,
analogous in spirit to evolving reporting guidelines
in adjacent areas (e.g., Data Statements for NLP;
Bender and Friedman (2018)).

Our goal is not to discourage the measurement
of complex social phenomena, but to provide tools
that render such measurements scientifically de-
fensible. In Computational Social Science (CSS),
these constructed variables are often critical inputs
for downstream causal inference or predictive tasks.
However, if the variable construction itself lacks
validity, no causal ML methods can rigorously es-
tablish downstream causality.

2 Related Literature: The State of Social
Measurement

Our work connects three research traditions that
are often cited separately but rarely integrated in
NLP: (i) measurement theory and construct validity
from the social sciences, (ii) causal representation
learning and identifiability, and (iii) recent NLP
methodology debates about what models and anno-
tations actually measure.

2.1 Measurement Theory and Construct
Validity.

Measurement theory distinguishes constructs (the-
oretical concepts) from measures (observable in-
dicators). As codified in standard social science
guidelines (DeVellis, 2016; Adcock and Collier,
2001), validation is not a definitional act but an
empirical one: researchers must demonstrate that
a measure behaves as predicted within a “nomo-
logical network,” correlating with related concepts
(convergent validity) while remaining distinct from
nuisances (discriminant validity). This rigorous
framework is increasingly relevant to NLP as the
field targets complex social variables. A grow-
ing body of work now operationalizes constructs
through explicit domains of observables—for ex-
ample, decomposing persuasion into specific resis-
tance strategies or mapping social norms to de-
fined interactional patterns (Vijjini et al., 2024;
Huang and Yang, 2023). These studies exemplify
the “construct-to-measure” pipeline we formalize,
standing in contrast to scalar metrics that priori-
tize prediction without separating signal from con-
founding noise.
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2.2 Validity in NLP: Annotation, Bias, and the
Limits of Proxying.

A parallel line of work argues that many NLP vari-
ables inherit ambiguity from their measurement
process. Human label variation is increasingly rec-
ognized not as annotator error, but as a meaning-
ful signal of linguistic ambiguity and subjectivity
(Pavlick and Kwiatkowski, 2019; Plank, 2022; Da-
vani et al., 2022; Aroyo and Welty, 2015). Further-
more, dataset curation and annotation protocols can
embed structural artifacts and degenerate shortcuts
into text, yielding variables that appear to measure
a target construct while in fact tracking annotation
or sampling regularities (Gururangan et al., 2018;
Poliak et al., 2018; McCoy et al., 2019; Bender and
Friedman, 2018; Geiger et al., 2020). Methodolog-
ical critiques in fairness and social NLP emphasize
that quantities like “toxicity” and “bias” are often
operationalized as convenient proxies that suffer
from construct slippage and normative mismatch,
including dialect and genre confounds (Blodgett
et al., 2020; Sap et al., 2019). This perspective com-
plements our claim that measurement failures are
frequently method-variance failures: what appears
to be a social construct may largely reflect dataset
composition, genre, dialect, or frequency artifacts.
Our CVP makes these critiques actionable by re-
quiring explicit confound tests, invariance checks
aligned with established NLP evaluation practice
(Ribeiro et al., 2020; Gardner et al., 2020), and
transparent reporting of what the proxy is sensitive
to.

2.3 Causal Representation Learning and
Non-Identification.

We ground our framework in Causal Representa-
tion Learning (Schölkopf et al., 2021), which es-
tablishes a fundamental non-identification result:
without explicit structural assumptions or interven-
tions, it is theoretically impossible to disentangle
latent causal factors from observational data alone.
We apply this constraint to social measurement:
extracting a valid construct (C) from text requires
actively modeling and neutralizing nuisance fac-
tors (Z), rather than assuming that an unsupervised
embedding will spontaneously isolate them.

Beyond representation learning, a complemen-
tary literature studies when text-derived variables
can support downstream causal inference (Egami
et al., 2022) and how to use imperfect surrogates
for downstream inference via design-based estima-

tors (Egami et al., 2023). Learned-proxy method-
ology in political science further emphasizes that
post-hoc correlation is insufficient for testing causal
theories with learned proxies (Knox et al., 2022).
We position CVP as addressing the measurement-
validity prerequisite that these downstream frame-
works typically assume.

3 The Impossibility of Unsupervised
Inverse Construction

Current computational social science often relies
on the assumption that a specific latent social con-
struct C (e.g., a hate sentiment score) can be recov-
ered directly from observed documents D using a
fixed proxy function f(D). We argue that this for-
mulation constitutes an ill-posed inverse problem
formally analogous to the identification problem in
causal inference.

3.1 Case I: Single-Document Measurement
Let the generation of a document D ∈ D be mod-
eled as a stochastic process dependent on two dis-
joint sets of latent factors: a scalar target construct
c ∈ R and a vector of nuisance attributes z ∈ Rk

(e.g., Topic, Length, Authorship). We model the
document generation process as a draw from a con-
ditional probability distribution parameterized by
θ.

pθ(D | c, z) (1)

The standard measurement pipeline attempts to in-
vert this process:

1. Representation Learning: An encoder E :
D → Rd maps the text to an embedding space
e.

2. Proxy Construction: A function f : Rd →
R is applied to estimate the scalar construct:
ĉ = f(e).

Ideally, f(E(D)) should recover c. However,
as established in the representation learning litera-
ture (Locatello et al., 2019; Schölkopf et al., 2021),
this recovery is theoretically impossible without
structural assumptions.

Proposition 1 (Rotational Ambiguity). Let the
joint latent space be h = [c; z] with a factorized
isotropic Gaussian prior p(h) = N (0, I). For any
unsupervised objective that maximizes the likeli-
hood of the data p(D), the learned representation
is identifiable only up to an arbitrary orthogonal
rotation. Consequently, the scalar dimension c is
inextricably mixed with the nuisance vector z.
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Proof Sketch. Following (Locatello et al., 2019),
consider the marginal likelihood p(D) =

∫
pθ(D |

h)p(h)dh. Let R be any arbitrary orthogonal ma-
trix (R⊤R = I). We define a transformed la-
tent space h′ = Rh. Due to the isotropy of the
Gaussian prior, the density is rotation-invariant:
p(h′) = p(h).

Now, consider an alternative generator defined
by G′(x) = G(R⊤x). If we assume the data
generation process uses latent variables h′ and
generator G′, the observation is D = G′(h′) =
G(R⊤(Rh)) = G(h). Thus, the model (G′,h′)
yields the exact same observational distribution
p(D) as the original model (G,h).

Since the unsupervised objective depends only
on p(D), it cannot distinguish between the entan-
gled basis h′ (where the first dimension is a linear
combination of c and z) and the disentangled basis
h. In other words, any h′ = αc+β⊤z is a possible
latent factor vector. Thus, c is not identified.

Implication. This proves that statistical indepen-
dence does not imply disentanglement (Schölkopf
et al., 2021). Even if c ⊥ z in the real world, the
learned embedding e can arbitrarily rotate the basis
such that the dimension used for measurement is
a mixture of signal and noise. Thus, any proxy
ĉ = f(e) suffers from intrinsic method variance.
We will illustrate this claim with an example in the
two-document case.

3.2 Case II: Two-Document Measurement
Constructing variables from pairwise document em-
beddings introduces an additional layer of entangle-
ment. Consider measuring the relationship between
two documents, such as Scientific Novelty (C), de-
fined as the distance between a new paper Di and
prior work Dj . The key nuisance is topical over-
lap: both documents may share a dominant topic
(e.g., “Deep Learning”), which can account for
most surface-level lexical and semantic mass. Stan-
dard practice then applies a similarity or distance
function (e.g., cosine similarity) to the full embed-
dings, implicitly allowing this nuisance component
to dominate the measurement.

Even if we assume an oracle encoder E that
produces a perfectly disentangled concatenation
e = [c⊕z], where c encodes the concept of interest
and z encodes nuisance variation, similarity-based
measurement can still fail for two reasons:

(I) Target mismatch. The metric of interest
should be applied to the concept embed-

dings (ci, cj), but is typically applied to
the full vectors (ei, ej), allowing variance
in z to dominate.

(II) Metric indeterminacy. Even if c were per-
fectly isolated, there is no theoretical guar-
antee that a particular geometric function
(e.g., cosine similarity versus Euclidean
distance) is the correct proxy for an ab-
stract construct. Determining the appro-
priate functional form requires empirical
validation (Section 4).

We now illustrate issue (I) by expanding two
common choices of metrics applied to the full em-
bedding e.
Cosine similarity (normalization effect).

cos(ei, ej) =
ci · cj + zi · zj√

∥ci∥2 + ∥zi∥2
√
∥cj∥2 + ∥zj∥2

(2)
When ∥z∥ ≫ ∥c∥, the denominator is dominated
by the nuisance component, so high cosine simi-
larity largely reflects “same topic” rather than the
intended construct (e.g., “novel conceptual contri-
bution”).
Euclidean distance (additive decomposition is-
sue).

∥ei − ej∥2 = ∥ci − cj∥2 + ∥zi − zj∥2 (3)

Because the contributions of ∆c and ∆z are purely
additive, a large distance can arise from genuine
conceptual deviation (∆C) or from nuisance shifts
such as subfield jargon or topical drift (∆Z), and
the metric alone does not identify which source
drives the score.

3.3 Strategies for Alleviation
Because perfect disentanglement from observa-
tional text is not guaranteed without additional
structure or assumptions, we outline a practical,
multi-level strategy that intervenes at three points
in the pipeline: (i) the input text, (ii) the learned
representation, and (iii) the scoring function. The
goal is to approximate measurement validity by
reducing dependence on nuisance factors Z while
preserving information relevant to the construct C.

Level 1: Input disentanglement (preprocess-
ing D). The most direct intervention is to re-
duce the dependence of the observed document
D on nuisance factors before representation learn-
ing. Concretely, we transform D → D′ to preserve

22895



construct-relevant content while attenuating nui-
sance variation. Targeted information extraction
(LLM-based): rather than embedding the full doc-
ument, one can use an LLM as a constrained extrac-
tor to retain only spans that are logically relevant to
the construct definition. For example, when mea-
suring mission hybridity, one can extract mission
statements and strategic objectives while discard-
ing biographical details, formatting artifacts, or
boilerplate that primarily contribute to Z. Stylis-
tic normalization: because embeddings are sen-
sitive to length, register, and complexity, inputs
can be normalized to a canonical form (e.g., com-
parable length, standardized structure, or neutral
tone) to reduce stylistic nuisance components (e.g.,
Zstyle). Entity masking (anonymization): when
the construct is conceptual (e.g., policy stance) but
nuisance variation includes entity identity (e.g.,
organization names, demographic markers), em-
bedding models may rely on entity co-occurrence
rather than the intended abstract relation. Replac-
ing named entities with placeholders (e.g., [ORG],
[PERSON]) can reduce entity-driven shortcuts and
encourage reliance on structural and contextual
cues.

Level 2: Representation disentanglement (learn-
ing in the e space). If the representation itself
is entangled, we can impose objectives that ex-
plicitly suppress Z while preserving C. Super-
vised/adversarial removal: when labels for nui-
sance factors are available (e.g., topic IDs, author
attributes, domain indicators), adversarial learning
can discourage encodings of Z in e (e.g., Adver-
sarial Removal; Elazar and Goldberg, 2018), and
projection-based methods can iteratively identify
and remove subspaces predictive of Z (e.g., Itera-
tive Nullspace Projection; Ravfogel et al., 2020).
Contrastive learning: when one can construct
paired examples that preserve C while varying Z,
contrastive objectives can encourage embeddings
to align with construct-invariant features rather
than nuisance variation.

Level 3: Methodological disentanglement (de-
signing the scoring function f ). When residual
entanglement remains, the measurement function
itself can be designed to cancel nuisance contri-
butions. Counterfactual neutralization: instead
of reporting a static score f(eobs), define measure-
ment as a differential relative to a baseline embed-
ding:

Ĉ = f(eobs)− f(ebase), (4)

where ebase is the embedding of a counterfactual
“neutralized” version of the same text in which
the construct signal is minimized (e.g., rewriting
to remove stance/novelty claims while preserving
topical content). The subtraction aims to remove
the baseline contribution attributable to nuisance
factors Z, leaving a score more sensitive to the
construct-relevant component.

4 The Construct Validity Protocol (CVP)

Construct validity is not merely a quality check;
it is a prerequisite for identification. In both so-
cial science and machine learning, isolating a tar-
get factor from nuisance variation requires addi-
tional structure (e.g., design constraints or vali-
dation evidence), much like causal representation
learning requires structural assumptions to separate
latent causes from noise (Locatello et al., 2019;
Schölkopf et al., 2021). For embedding-based mea-
surement, the core requirement is that variation in
the proxy Ĉ is attributable to the intended construct
C, rather than superficial regularities such as topic,
style, or length (Z) (Grimmer and Stewart, 2013;
Adcock and Collier, 2001). Without this form of
measurement identification, downstream inferences
are fragile: we cannot interpret effects of a variable
that has not been credibly isolated. We therefore
propose the Construct Validity Protocol (CVP) as a
standard operating procedure that moves from an
abstract concept to a testable measurement instru-
ment.

4.1 Overview

CVP has three phases. Phase 1 establishes a
construct specification and qualitative alignment.
Phase 2 emphasizes instrument design choices that
reduce entanglement with nuisance factors. Phase 3
reports a structured validity suite—a Validity
Card—that documents stability and quantitative
evidence (convergent, discriminant/incremental,
and criterion-related checks).

4.2 Phase 1: Conceptualization

Before any modeling, the researcher should es-
tablish face and content validity through ex-
pert scrutiny (Adcock and Collier, 2001; DeVellis,
2016; Lawshe, 1975; Haynes et al., 1995). This
phase clarifies what the construct is and is not, and
what nuisance dimensions must be neutralized.

Deliverables. Construct map: Provide a con-
cise definition of C and enumerate the primary
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nuisance dimensions Z (e.g., domain/topic vocab-
ulary, style/register, length, venue/time). Facet
blueprint: Specify a short list of facets of C (in-
clusion/exclusion criteria) and the types of textual
evidence expected for each facet. Exemplar set:
Curate a three-tier anchor set of known high-C,
low-C, and borderline/mid-spectrum documents
(“known-groups” anchors) that are broadly agreed
upon within the research community; borderline
anchors are used to probe facet boundaries and
decision rules.

Face-validity audit. Run the full measurement
pipeline on the exemplar set and inspect the highest-
and lowest-scoring cases, then examine borderline
anchors to probe decision boundaries. Independent
domain experts should judge whether the ranking is
plausible and, crucially, which cues appear to drive
the scores. Systematic disagreements (including
non-ideal false positives and false negatives on the
anchors) indicate construct–measure misalignment
and should trigger revisions before quantitative val-
idation.

4.3 Phase 2: Operationalization

Rather than defaulting to black-box similarity
scores, Phase 2 focuses on designing instruments
that reduce entanglement with Z and better isolate
C. Section 3 outlines concrete intervention points
(input preprocessing, representation learning, and
scoring-function design), which can be instantiated
as task-specific measurement instruments.

4.4 Phase 3: The Validity Suite

Validity is not a single statistic but an argument sup-
ported by multiple, conceptually distinct sources
of evidence (Cronbach and Meehl, 1955; Campbell
and Fiske, 1959; Messick, 1995; American Edu-
cational Research Association et al., 2014). This
is especially important for embedding-based mea-
sures, where instability and nuisance leakage are
common (Grimmer and Stewart, 2013; Gentzkow
et al., 2019). We therefore recommend report-
ing a structured Validity Card that documents (at
minimum) stability and discriminant/incremental
evidence, and (when feasible) convergent and
criterion-related evidence.1

1Measurement theory distinguishes multiple families of
evidence, including content/face evidence, reliability/stability,
convergent and discriminant evidence (external structure), and
criterion-related evidence (Campbell and Fiske, 1959; Mes-
sick, 1995; American Educational Research Association et al.,
2014). We prioritize (i) stability as a prerequisite and (ii)

Validity Card 1: Reliability / Stability (prereq-
uisite). Even deterministic encoders can yield
unstable measures due to preprocessing choices,
chunking, or prompt/instrument sensitivity. If
small, defensible perturbations materially change
the resulting variable, downstream validity claims
become specification-dependent (Koo and Li, 2016;
Nunnally and Bernstein, 1994).
Recommended perturbations. Swap between
close encoder variants; paraphrase prompts; vary
neutralization prompts; vary embedding aggrega-
tion rules.
What to report. (i) a clearly enumerated pertur-
bation set and the number of variants per docu-
ment; (ii) absolute-agreement reliability via ICC
(report the ICC form, e.g., ICC(2,1) or ICC(2,k))
(Shrout and Fleiss, 1979; Koo and Li, 2016). As a
rule of thumb, ICC ≥ 0.75 is often interpreted as
“good” and ICC ≥ 0.90 as “excellent” (Koo and Li,
2016).2

Validity Card 2: Convergent validity (agree-
ment with an independent measure). Does
Ĉi correlate with an independent measure of the
same construct (e.g., expert ratings using a rubric
that operationalizes C)? This follows multitrait–
multimethod logic: measures of the same trait
should agree more than measures of different traits
(Campbell and Fiske, 1959).

Cgold
i = α+ βconv Ĉi + ϵi (5)

What to report. (i) reliability of Cgold (e.g., ICC
or Krippendorff’s α), since convergent evidence is
bounded by gold reliability (Spearman, 1904; Koo
and Li, 2016); (ii) effect size (standardized βconv
or correlation) with confidence interval and a diag-
nostic plot; and (iii) if possible, out-of-sample con-
vergence via a held-out gold set or cross-validation
(Hastie et al., 2009). Effects around 0.10 are often
described as small, 0.30 moderate, and 0.50+ large
(Cohen, 1988).

Validity Card 3: Discriminant + incremental
validity (primary diagnostic). A central threat
is that Ĉ becomes a proxy for topic, style, venue,

discriminant + incremental validity as the most diagnostic
for ruling out topic/style surrogacy in embedding pipelines;
known-groups and criterion-related checks are recommended
complements.

2Pearson correlation can be misleading for stability be-
cause it is invariant to shifts and rescalings. ICC for absolute
agreement penalizes systematic shifts in level across perturba-
tions.
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or time rather than the intended construct (Grim-
mer and Stewart, 2013; Gentzkow et al., 2019).
Discriminant validity asks whether Ĉ is distinct
from nuisance dimensions. Incremental validity
asks whether Ĉ adds explanatory power beyond
nuisances for an external validation label Li that
directly operationalizes C (often human-coded).
Step 1 (discriminant). Test whether Z mechani-
cally explains Ĉ:

Ĉi = α+
∑

k

γkZk,i + ϵi. (6)

Step 2 (incremental). Test whether Ĉ adds signal
for an external validation label Li beyond Z:

Li = α+
∑

k

δkZk,i + ui, (7)

Li = α+ βinc Ĉi +
∑

k

δkZk,i + ui. (8)

What to report. Pre-specify nuisance blocks (topic
proxies, length/style measures, venue/field/year
fixed effects) and report (i) predictability of Ĉ from
Z (e.g., cross-validated R2) with block-wise con-
tributions; and (ii) incremental evidence via stan-
dardized βinc with confidence interval and out-of-
sample ∆R2 from adding Ĉ to the nuisance-only
model (Hastie et al., 2009; Hunsley and Meyer,
2003). High predictability of Ĉ from topic/FE
blocks is a warning sign of surrogacy; instability
of βinc across reasonable nuisance sets is a red flag
(Grimmer and Stewart, 2013; Cohen, 1988).

Validity Card 4: Known-groups validity (op-
tional). Using the Phase 1 exemplar set, test
whether the measure separates pre-specified high-
C versus low-C groups:

Ĉi = α+ τ ⊮{i ∈ High-C}+ ϵi. (9)

What to report. Separation effect (e.g., Cohen’s
d with confidence interval) and a distribution plot
(e.g., ECDF). As a rule of thumb, d ≈ 0.2 is small,
0.5 medium, and 0.8 large (Cohen, 1988).

Validity Card 5: Criterion-related / predictive
evidence (complement). If C is substantively
meaningful, Ĉ should relate to downstream out-
comes in the theorized direction. For validity test-
ing, prioritize interpretability and attribution: a
linear specification provides a conservative base-
line that tests whether Ĉ has independent signal
beyond strong nuisance controls.

Yt+k,i = α+ βpred Ĉi + ΓControlsi + ϵi. (10)

What to report. Standardized βpred with con-
fidence interval and the incremental explanatory
power from adding Ĉ beyond strong nuisance con-
trols. When possible, include a negative-control
outcome Yplacebo that should not be predicted by C;
strong prediction of implausible outcomes suggests
dataset artifacts (Lipsitch et al., 2010).

4.5 Worked Example
To demonstrate that CVP is operational, we exe-
cuted it on GoEmotions (Demszky et al., 2020)
(43,410 train / 5,426 dev / 5,427 test). GoEmotions
is vector-valued; for brevity we instantiate one co-
ordinate (gratitude) with Li = 1 iff the human
label set contains gratitude. We focus on Cards 1
and 3 since they directly test stability and nuisance
entanglement; the remaining cards typically require
additional independent instruments or external out-
comes beyond GoEmotions.

Card 1. We instantiate the recommended
perturbations by swapping close encoders
(all-MiniLM-L6-v2 vs all-MiniLM-L12-v2),
varying aggregation (mean vs CLS pooling), and
applying a simple style-normalization (original vs
lowercased, punctuation-stripped text), yielding
k = 8 variants (2 encoders × 2 pooling rules
× 2 normalization conditions) on n = 2000
test examples. Each variant yields a reasonable
proxy (AUC range 0.9407–0.9662). Treating
variants as “raters,” absolute-agreement reliability
is ICC(2,1)=0.8467 and ICC(2,k)=0.9779 (Shrout
and Fleiss, 1979; Koo and Li, 2016).

Card 3. Let Ĉi = p(Li = 1 | xi) be a con-
crete proxy from sentence embeddings (Reimers
and Gurevych, 2019). We form nuisance blocks
Z from (i) length/style features (token/character
length, “!”/“?” counts, uppercase ratio) and (ii)
a topic block (TF–IDF + SVD). Discriminant re-
gression (Eq. (6)) shows Ĉ is largely nuisance-
recoverable (R2=0.0245 from length/style only;
0.7762 from topic only; 0.7768 from full Z). In-
cremental prediction (Eq. (7)–(8)) improves from
AUC 0.9658 (Z→L) to 0.9831 (Z+Ĉ→L), with
βinc>0.

Anchors and errors (high/low/borderline).
High-C: “Thanks!!”, “Thank you!”, “Thanks”;
Low-C: “No I’m not”, “No no she was [NAME]”,
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“Why? I love it.” Borderline: “Thank [NAME] for
the person walking down the sidewalk. . . ”, “Did
you kill the shark. . . Thanks [NAME]!”; a salient
FP is “Yeah thank you you ungrateful bast. . . ”,
and FNs include “That’s because [NAME] thinks
he’s the man. . . ” and “Daily would be great,
but. . . work. . . ”.

5 Forensic Analysis: The Jangle Fallacy
in Practice

To assess how often social NLP work substanti-
ates the leap from an embedding-based proxy to a
theoretically valid measure, we conducted a foren-
sic coding of 17 influential papers (2020–2025)
in ACL/NAACL/EMNLP that propose computa-
tional metrics for abstract social constructs. Our
goal is not to single out individual contributions,
but to evaluate whether the literature, in aggregate,
separates (i) an empirical instrument (a scoring
function over text representations) from (ii) the the-
oretical construct it claims to measure. Following
standard measurement theory, we coded each paper
on seven dimensions of validity and identification:
construct definition, face/content evidence, relia-
bility/stability, convergent validity, discriminant
validity, predictive/criterion validity, and handling
of confounding covariates (see Appendix A for
coding criteria).

Results. Table 1 summarizes the distribution of
evidence. Two patterns stand out. First, many
papers provide conceptual framing and basic plau-
sibility checks: construct definition is frequently
articulated (Construct Validity: 10 Yes, 7 Partial,
0 No), and most papers provide some face/content
evidence (6 Yes, 11 Partial, 0 No), often in the
form of annotation guidelines, curated examples,
or qualitative sanity checks. Second, the evidence
most diagnostic for measurement identification is
comparatively scarce. Convergent validity is rarely
established against an independent instrument at
the same unit of analysis (1 Yes, 12 Partial, 4 No).
Discriminant validity is never fully demonstrated in
the strict sense of ruling out nuisance surrogacy (0
Yes, 11 Partial, 6 No). Predictive/criterion validity
under an external-outcome criterion is uncommon
(1 Yes, 3 Partial, 13 No). Finally, none of the sam-
pled papers uses causal identification methods to
isolate the construct from confounds; confounding
is handled primarily through heuristics or associa-
tional controls (0 Yes, 14 Partial, 3 No). Reliabil-
ity/stability is the most consistently reported quan-

titative check (11 Yes, 4 Partial, 2 No), reflecting
the routine reporting of inter-annotator agreement
and, less commonly, robustness to perturbations.

Interpretation. This evidence profile is consis-
tent with the paper’s central mechanism. When a
measure is implemented as a geometric function
over an entangled representation, three threats dom-
inate: (i) the score may track nuisance structure
such as topic, style, length, or prompt phrasing; (ii)
the mapping from geometry to construct is under-
determined without validation (metric indetermi-
nacy); and (iii) observed associations can be driven
by confounding rather than construct variation. The
forensic table suggests that current practice more
often documents that a proxy is defined and stable
enough to compute than that it isolates the intended
construct.

More concretely, “Partial” evidence in the sam-
ple frequently takes forms that are compatible with
the proxy presumption. Convergent validity is of-
ten operationalized as triangulation with related
proxies, alignment with expectations, or compar-
isons to adjacent tasks—useful checks, but weaker
than agreement with an independent validated in-
strument. Discriminant validity is commonly ad-
dressed through design constraints (e.g., topic bal-
ancing, prompt standardization) or qualitative dis-
cussion, rather than explicit tests showing the score
is not explained by nuisance variables with respect
to nuisance confounds. Confounding is typically
handled via filtering, matching, or including covari-
ates in predictive models, which controls associa-
tionally but does not support identification without
additional assumptions.

Implication. These gaps matter for cumulative
science. If the literature rarely demonstrates dis-
criminant validity and confound isolation, then two
papers that both report a measure of “bias” or “ide-
ology” can plausibly be tracking different mixtures
of construct and nuisance variance. In that regime,
results may appear to cumulate under a shared con-
struct label while the underlying variables are not
commensurate—a textbook setting for the jangle
fallacy (Kelley, 1927). The forensic results there-
fore support the paper’s broader claim: downstream
utility and qualitative plausibility are often treated
as sufficient, even though the evidence most neces-
sary to distinguish construct variance from method
variance remains limited. This motivates the Con-
struct Validity Protocol in Section 4 as a minimum
reporting standard for embedding-based social mea-
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Table 1: Validity evidence across 17 social measure-
ment papers (2020–2025). “Yes” indicates rigorous ad-
herence to measurement standards; “Partial” indicates
heuristic or indirect checks; “No” indicates that the di-
mension is not substantively evaluated.

Dimension YES PARTIAL NO
Construct Validity 10 7 0
Face/Content Validity 6 11 0
Reliability / Stability 11 4 2
Convergent Validity 1 12 4
Discriminant Validity 0 11 6
Predictive Validity 1 3 13
Handling Confounders 0 14 3

sures.

6 Alternative Views

Objection 1: “Post-hoc Correlation is Sufficient.”
A common counter-argument is that if a proxy cor-
relates with a human label, disentanglement is un-
necessary. We disagree. A high correlation coef-
ficient (e.g., r = 0.7) can be driven entirely by
a confounding variable Z. For example, a “Tox-
icity” classifier might correlate well with human
labels simply because both humans and models flag
AAVE dialect as toxic (Zhou et al., 2022). Without
counterfactual validity (proving the score changes
only when C changes, not just when Z changes),
the metric is a biased estimator of the construct.

More broadly, learned-proxy methodology
shows that post-hoc correlation is insufficient for
testing causal theories with learned proxies (Knox
et al., 2022).

Objection 2: “Large Scale Solves This.” An-
other view posits that sufficiently large models
(e.g., GPT-4) implicitly understand the difference
between concepts and nuisance variables. While
LLMs are powerful generators, their embeddings
remain entangled representations of the training dis-
tribution. As demonstrated by the oracle encoder
fallacy, a perfect encoder preserves all information,
including the noise. Scale improves the fidelity of
the embedding, but it does not automatically per-
form the causal abstraction required to separate C
from Z. Validity requires active methodological
intervention, not just passive scaling.

7 Conclusion

The migration of NLP from engineering bench-
marks to Computational Social Science demands a

parallel maturation in how we measure. We have ar-
gued that much of today’s construct-oriented work
implicitly relies on “measurement by renaming”—
treating convenient geometric heuristics (e.g., co-
sine distance in embedding space) as if they were
identified measures of latent social constructs. By
making the measurement problem explicit in a sim-
ple data-generating view, D = G(C,Z), we show
why this practice is fragile: unsupervised repre-
sentations generally encode mixtures of the target
construct (C) and nuisance attributes (Z) such as
topic, style, venue, time, and authorship. In this
setting, raw similarity metrics are not guaranteed
to isolate C and can instead track pipeline-induced
variation.

To move from plausible proxies to cumulative
measurement, we propose the Construct Validity
Protocol (CVP) as a community standard. The
CVP operationalizes a full pipeline: (i) conceptu-
alization with explicit construct boundaries and a
domain of observables, (ii) face/content valida-
tion through exemplar design and expert audit, (iii)
instrument design that targets construct-relevant
text while controlling confounds, and (iv) a Valid-
ity Suite that reports reliability/stability, conver-
gent evidence against independent labels, discrimi-
nant and incremental evidence beyond topic/style
controls, known-groups separation, and predic-
tive/criterion tests with falsification outcomes.
Within this framework, we introduced Counterfac-
tual Neutralization—using LLM-generated coun-
terfactual rewrites to hold Z fixed while varying
construct-relevant content—and complementary
tools such as orthogonal projection when appro-
priate.

Our aim is not to prohibit proxies, but to make
them testable. Accuracy is about hitting the target;
construct validity is about ensuring the target is
the right one. Embedding-based “social variables”
should therefore be accompanied by transparent va-
lidity evidence—a compact Validity Card that doc-
uments design choices, stability checks, and the full
set of diagnostics. Adopting such standards would
make results comparable across papers, reduce the
risk of topic/style leakage masquerading as social
signal, and ultimately enable NLP-based measure-
ment to serve as credible scientific evidence rather
than convenient geometry.

Limitations
Our coding reflects what is reported in papers
rather than what authors may have performed but

22900



did not document. This is a feature—because cu-
mulative science depends on transparent validity
arguments—but it also means we may undercount
validity evidence that exists only in unpublished
analyses, code repositories, or informal checks.
Moreover, our coarse {Yes/Partial/No} labels com-
press a spectrum of practices, and several dimen-
sions (especially predictive/criterion validity and
confound isolation) depend on definitional choices
about what constitutes a sufficiently external crite-
rion or an identification strategy. Future work could
improve reliability by preregistering the rubric,
double-coding with independent raters, and report-
ing inter-rater agreement.

Second, this paper is a position and synthe-
sis contribution: we propose the Construct Va-
lidity Protocol (CVP) as a standard for mea-
surement identification, but we do not instan-
tiate the full protocol end-to-end on a new
dataset. Empirical case studies that apply the
CVP prospectively—including controlled discrim-
inant tests and confound-neutralization designs—
are needed to quantify the practical costs, failure
modes, and benefits of the protocol in real mea-
surement pipelines, especially as LLM-based en-
coders and prompting practices continue to evolve
rapidly.
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A Measurement Validity Coding Scheme
and Rubric

This appendix specifies the coding rubric used in
the forensic analysis (Appendix B). Each paper
is evaluated on seven dimensions of measurement
validity and identification. For each dimension, we
assign one of three labels: YES, PARTIAL, or NO.

A.1 General Scoring Labels

• YES (High rigor). The method meets pre-
mium social science standards. It is grounded
in established theory and/or uses rigorous
psychometric validation or explicit causal de-
signs, with clear empirical evidence.

• PARTIAL (Medium rigor). The method re-
lies on operational heuristics, “silver stan-
dards,” or ad-hoc sanity checks. It may ac-
knowledge threats (e.g., confounding) but ad-
dresses them with standard supervised learn-
ing, informal qualitative inspection, or design
constraints rather than explicit identification.

• NO (Low rigor). The authors provide no dis-
cussion, definition, or empirical validation for
the dimension.

A.2 Dimensions of Validity

Dimension 1: Target Variable Definition (Con-
struct Validity).

• YES. Cites a specific, pre-existing social sci-
ence theory (e.g., Moral Foundations Theory)
and defines the construct independently of the
dataset and measurement procedure (e.g., “We
measure ideology as conceptually defined by
Converse (1964) . . . ”).

• PARTIAL. Defines the variable operationally,
tautologically, or based primarily on dataset
labels or a single chosen proxy (e.g., “toxi-
city is whatever the Perspective API labels
as toxic,” or “bias is cosine distance between
vectors”).

• NO. No clear definition is provided; the vari-
able is treated as self-explanatory.

Dimension 2: Face Validity (Content Validity).

• YES. Conducts a formal content validity study
prior to deployment, such as expert-panel re-
view of items/lexicon or a structured pilot with
domain experts.

• PARTIAL. Provides informal sanity checks
(e.g., selected high/low scoring examples,
qualitative inspection of top features/words)
without a structured expert evaluation.

• NO. No inspection of instrument content and
no qualitative examples are provided.
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Dimension 3: Reliability / Stability.

• YES. Reports formal, chance-corrected relia-
bility/stability metrics. For human annotation:
Cohen’s/Fleiss’ κ, ICC, or Krippendorff’s α.
For model-based instruments: test–retest re-
liability or rigorous robustness checks (e.g.,
prompt perturbations/paraphrasing) with ap-
propriate agreement metrics.

• PARTIAL. Reports weak or non-corrected
metrics (e.g., raw % agreement without
chance correction), or evaluates stability only
on a small/non-representative subset.

• NO. No reliability metric or stability check is
reported.

Dimension 4: Convergent Validity.

• YES. Demonstrates significant association
with a completely independent, external “gold-
standard” measure of the same construct at the
appropriate unit of analysis (e.g., “Our ideol-
ogy score correlates with DW-NOMINATE
roll-call votes”).

• PARTIAL. Correlates with a “silver standard,”
a related-but-distinct proxy, or internal meta-
data that is suggestive but not a gold-standard
instrument (e.g., star ratings, hashtags, outlet
categories).

• NO. No external correlation or comparison is
reported.

Dimension 5: Discriminant Validity.

• YES. Explicitly tests and empirically
demonstrates that the measure is distinct
from nuisance factors (e.g., near-zero cor-
relation with document length, explicit
topic residualization, or formal tests against
style/genre/demographic/prompt effects).

• PARTIAL. Acknowledges potential con-
founds and/or offers qualitative arguments or
design constraints, but does not provide for-
mal tests sufficient to rule out nuisance surro-
gacy.

• NO. No discussion or test of discriminant
validity.

Dimension 6: Predictive Validity.

• YES. Predicts a real-world downstream out-
come external to the annotation/task setting
(e.g., “polarization predicts future protest vio-
lence,” “trust predicts trading volume”).

• PARTIAL. Predicts an internal proxy outcome
or trivial metadata label (e.g., predicting sub-
reddit labels, publication year, or other dataset-
internal fields).

• NO. No predictive/criterion task is reported.

Dimension 7: Handling Confounding Covari-
ates.

• YES. Uses explicit causal inference methods
to isolate the construct from confounding co-
variates Z (e.g., instrumental variables, dou-
ble machine learning, propensity score match-
ing, or rigorous residualization under stated
assumptions).

• PARTIAL. Uses heuristics to exclude/limit
Z, or uses standard supervised learning that
includes Z as a feature (associative “controls”
without causal identification).

• NO. No discussion of confounding covariates;
treats relationships as direct without controls.

B Paper-Level Forensic Coding Notes

This appendix reports the paper-level coding notes
underlying Table 1 in the main text. We code 17
influential ACL/NAACL/EMNLP papers (2020–
2025) that propose computational measures of ab-
stract social constructs using seven dimensions:
(D1) target-variable definition (construct validity),
(D2) face/content validity, (D3) reliability/stability,
(D4) convergent validity, (D5) discriminant valid-
ity, (D6) predictive/criterion validity, and (D7) han-
dling confounding covariates. Each dimension
is coded as YES, PARTIAL, or NO following the
rubric in Appendix A.

B.1 Paper-Level Coding Notes (D1–D7)
Paper 1: Demszky et al. (ACL 2020) — Fine-
grained Emotions (Reddit).

• D1 (Construct): PARTIAL. Label set mo-
tivated by psychology literature and a care-
ful selection process, but the construct defi-
nition remains closely tied to the taxonomy
rather than an independent theory-grounded
construct map.

22905



• D2 (Face): PARTIAL. Presents labeled exam-
ples (e.g., example annotations), but no formal
expert content-validity audit is reported.

• D3 (Reliability): YES. Reports rater
agreement metrics including chance-corrected
statistics (e.g., Cohen’s κ) alongside corrobo-
rating checks.

• D4 (Convergent): PARTIAL. Shows trans-
fer/generalization to existing emotion bench-
marks; useful triangulation but not a classic
external gold-standard convergence test.

• D5 (Discriminant): NO. No explicit tests
that emotion labels are distinct from nuisance
factors (topic/style/length).

• D6 (Predictive): NO. Validations focus on la-
bel prediction rather than external real-world
criteria.

• D7 (Confounding): PARTIAL. Identifies con-
founds and applies curation measures, but no
causal identification strategy is used.

Paper 2: Baly et al. (EMNLP 2020) — Political
Bias and Factuality (Outlets + Social Profiles).

• D1 (Construct): PARTIAL. Targets defined
primarily through MBFC label categories
rather than an independent theory definition.

• D2 (Face): PARTIAL. Informal sanity checks
(e.g., excluding ill-defined label categories),
but no structured content-validity study.

• D3 (Reliability): NO. Reliability of the in-
herited labels is not quantified in the paper.

• D4 (Convergent): NO. Evaluations mainly
predict the same label scheme; no external
convergence at the same unit of analysis.

• D5 (Discriminant): NO. Feature ablations
are not framed as discriminant tests against
nuisances.

• D6 (Predictive): NO. No external outcome
prediction beyond the dataset labels.

• D7 (Confounding): PARTIAL. Practical
heuristics (filters/exclusions/multi-source sig-
nals), but no causal identification methods.

Paper 3: Ils et al. (ACL 2021) — Social Solidar-
ity / Anti-Solidarity (Twitter).

• D1 (Construct): YES. Provides an explicit,
theory-grounded definition of solidarity.

• D2 (Face): YES. Involves social-science ex-
perts in refinement/adjudication.

• D3 (Reliability): YES. Reports Cohen’s κ
and compares agreement across conditions.

• D4 (Convergent): NO. No conver-
gence test against an external solidarity in-
dex/instrument.

• D5 (Discriminant): PARTIAL. Reports lim-
ited discriminant evidence (e.g., low corre-
lation with sentiment), but no systematic
nuisance-factor testing.

• D6 (Predictive): PARTIAL. Correlates
the construct with external indicators (e.g.,
COVID-19 rates) at aggregate level; sugges-
tive but not a dedicated predictive validation.

• D7 (Confounding): PARTIAL. Notes sam-
pling and causal ambiguity; no identification
strategy is implemented.

Paper 4: Demszky et al. (ACL 2021) — Conver-
sational Uptake (Student–Teacher Transcripts).

• D1 (Construct): YES. Defines uptake as
a linguistic/social construct and provides an
operational definition.

• D2 (Face): PARTIAL. Offers qualitative plau-
sibility checks and examples but no formal
content-validity study.

• D3 (Reliability): YES. Reports structured
annotation and inter-rater agreement with ex-
plicit statistics; describes aggregation.

• D4 (Convergent): YES. Tests alignment with
indicators expected to track uptake.

• D5 (Discriminant): PARTIAL. Shows uptake
is not reducible to repetition/overlap, but does
not fully rule out broader nuisances.

• D6 (Predictive): YES. Links uptake to down-
stream outcomes relevant to teaching contexts
(e.g., satisfaction/quality).

• D7 (Confounding): PARTIAL. Addresses
some topical overlap concerns but does not
implement causal identification.
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Paper 5: Vidgen et al. (ACL 2021) — Online
Hate (Adversarial Dataset).

• D1 (Construct): YES. Provides an explicit
definition of hate for the annotation task.

• D2 (Face): YES. Emphasizes expert annota-
tors and presents credibility signals for label-
ing.

• D3 (Reliability): YES. Reports chance-
corrected agreement (e.g., Krippendorff’s α)
across rounds.

• D4 (Convergent): PARTIAL. Evaluates
against an external functional test suite (tri-
angulation rather than gold-standard correla-
tion).

• D5 (Discriminant): PARTIAL. Uses hard
negatives/contrastive design to reduce key-
word confounds, but does not provide formal
discriminant statistics.

• D6 (Predictive): NO. Focuses on
dataset/model evaluation, not external real-
world outcomes.

• D7 (Confounding): PARTIAL. Mitigates
confounds via data design, but no causal iden-
tification strategy is used.

Paper 6: ElSherief et al. (EMNLP 2021) — La-
tent Hatred / Implicit Hate (Twitter).

• D1 (Construct): YES. Develops a typology
targeting implicit hate beyond explicit slurs.

• D2 (Face): PARTIAL. Taxonomy and exam-
ples support plausibility, but no formal expert
panel content-validity study is reported.

• D3 (Reliability): YES. Reports chance-
corrected reliability (e.g., ICC, Fleiss’ κ).

• D4 (Convergent): PARTIAL. Compares
against widely used systems; informative but
not an external gold-standard construct instru-
ment.

• D5 (Discriminant): PARTIAL. Distin-
guishes implicit from explicit hate; limited
evidence against adjacent nuisances (offen-
siveness/negativity).

• D6 (Predictive): NO. Evaluations are mainly
benchmarking/model performance.

• D7 (Confounding): PARTIAL. Uses heuris-
tics (e.g., filtering/keyword-related controls)
to focus on the implicit construct, but not
causal identification.

Paper 7: Liu et al. (NAACL 2022) — Ideology
and Stance (News; POLITICS pretraining).

• D1 (Construct): PARTIAL. Ideology oper-
ationalized via outlet-level labels rather than
theory-grounded definition.

• D2 (Face): PARTIAL. Informal plausibility
checks (e.g., attention visualization), but no
structured content-validity procedure.

• D3 (Reliability): NO. No reliability metrics
reported for outlet-level ideology labels.

• D4 (Convergent): PARTIAL. Uses third-
party outlet ratings and tests downstream util-
ity, but no independent political-science ideol-
ogy measure at same unit.

• D5 (Discriminant): PARTIAL. Limited topic-
control evidence; no systematic nuisance test-
ing.

• D6 (Predictive): NO. Focuses on ideology
prediction/benchmarks rather than external
outcomes.

• D7 (Confounding): PARTIAL. Uses heuris-
tics to reduce imbalance/bias; no causal iden-
tification methods.

Paper 8: Sinno et al. (NAACL 2022) — Multi-
dimensional Political Ideology (News Para-
graphs).

• D1 (Construct): YES. Political ideology de-
fined with political-science grounding and op-
erationalized across dimensions.

• D2 (Face): YES. Provides interpretable exam-
ples and expert annotation credibility signals.

• D3 (Reliability): YES. Reports chance-
corrected agreement (Krippendorff’s α).

• D4 (Convergent): PARTIAL. Triangulates
with outlet-bias signals; not a direct external
instrument correlation.

• D5 (Discriminant): PARTIAL. Separates
ideology from stance by design; no formal
nuisance-confound tests beyond constraints.
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• D6 (Predictive): NO. Evaluations are classi-
fication/label prediction.

• D7 (Confounding): PARTIAL. Uses de-
sign/annotation constraints (e.g., controlling
for stance), but no verified causal isolation.

Paper 9: Gabriel et al. (ACL 2022) — Misinfo
Reaction Frames (Headlines).

• D1 (Construct): PARTIAL. Defines dimen-
sions operationally; construct remains task-
specific rather than externally standardized.

• D2 (Face): PARTIAL. Provides exam-
ples/descriptions; crowd annotations without
expert-panel content validity.

• D3 (Reliability): PARTIAL. Reports reliabil-
ity for categorical judgment; limited/no par-
allel reliability reporting for free-text dimen-
sions.

• D4 (Convergent): NO. No validation against
external behavioral ground truth of reactions.

• D5 (Discriminant): NO. No explicit tests
distinguishing the construct from nuisances.

• D6 (Predictive): PARTIAL. Shows system-
atic shifts in trust ratings in a controlled set-
ting; not real-world behavioral criterion vali-
dation.

• D7 (Confounding): PARTIAL. Design miti-
gations exist, but no causal confound-handling
pipeline.

Paper 10: Hoover et al. (2020) — Moral Senti-
ment (MFT; Tweets).

• D1 (Construct): YES. Categories grounded
in Moral Foundations Theory.

• D2 (Face): YES. Provides structured guide-
lines and annotator training procedures; early
disagreement handling.

• D3 (Reliability): YES. Reports chance-
corrected agreement (e.g., Fleiss’ κ, PABAK).

• D4 (Convergent): PARTIAL. No correlation
with an independent external MFT instrument;
convergence mostly indirect.

• D5 (Discriminant): PARTIAL. Concep-
tual separation of categories without formal
nuisance-factor tests.

• D6 (Predictive): NO. Benchmarks classifiers;
no external real-world criterion validation.

• D7 (Confounding): NO. No confound-
isolation or causal identification methods.

Paper 11: Feng et al. (ACL 2023) — Political
Bias from Partisan Pretraining (PCT axes).

• D1 (Construct): PARTIAL. Operationalizes
leaning via PCT outputs; construct remains
tied to instrument choice rather than indepen-
dent definition.

• D2 (Face): PARTIAL. Qualitative plausibil-
ity checks via examples; no formal expert
content-validity study.

• D3 (Reliability): YES. Reports chance-
corrected agreement for a stance detector and
includes prompt-robustness analyses.

• D4 (Convergent): PARTIAL. Compares
against media-bias ratings of pretraining
sources (external reference point).

• D5 (Discriminant): NO. No explicit tests
separating ideology from superficial key-
word/prompt effects.

• D6 (Predictive): PARTIAL. Links pretraining
bias to downstream fairness shifts on bench-
mark tasks; still not an external real-world
criterion.

• D7 (Confounding): PARTIAL. Uses con-
trolled model-building (e.g., comparable cor-
pora sizes) to isolate the pretraining factor;
not causal identification.

Paper 12: Sky et al. (EMNLP 2023) — Social
Norms (Cross-cultural).

• D1 (Construct): YES. Defines norms
explicitly and situates them in cross-
cultural/descriptive-norm framing.

• D2 (Face): YES. Expert verification/editing
plus concrete examples.

• D3 (Reliability): PARTIAL. Some chance-
corrected agreement is reported, but not as a
core-label inter-annotator reliability statistic.

• D4 (Convergent): PARTIAL. Aligns with
established cross-cultural theory patterns; no
independent gold-standard norm instrument
correlation.
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• D5 (Discriminant): NO. No explicit empiri-
cal separation from nuisance factors.

• D6 (Predictive): NO. No external outcome
prediction beyond the dataset/task.

• D7 (Confounding): NO. No
causal/confound-isolation methods.

Paper 13: Bang et al. (ACL 2024) — Political
Bias as Stance + Framing/Style (LLM genera-
tions).

• D1 (Construct): PARTIAL. Bias defined op-
erationally as stance plus framing/style rather
than theory-grounded construct definition.

• D2 (Face): PARTIAL. Qualitative exam-
ples/sanity checks; no formal content-validity
study.

• D3 (Reliability): PARTIAL. Uses repeated
generations and significance testing, but does
not report chance-corrected reliability of the
measurement procedure.

• D4 (Convergent): PARTIAL. Compares
against prompted anchor distributions rather
than independent external instrument.

• D5 (Discriminant): PARTIAL. Separates
content from lexical polarity but lacks formal
nuisance-confound tests.

• D6 (Predictive): NO. Descriptive audit; no
external criterion prediction.

• D7 (Confounding): PARTIAL. Standardizes
prompts/topics and uses anchor distributions;
not causal identification.

Paper 14: Harel-Canada et al. (EMNLP 2024)
— Psychological Depth Scale (Stories).

• D1 (Construct): YES. Construct grounded
in literary/reader-response theory and defined
independent of dataset.

• D2 (Face): PARTIAL. Guide-
lines/training/calibration, but no formal
expert content-validity audit.

• D3 (Reliability): YES. Reports chance-
corrected inter-rater reliability for human rat-
ings (e.g., Krippendorff’s α).

• D4 (Convergent): PARTIAL. LLM-judge
scores correlate with human judgments,
but not with an independent external gold-
standard instrument.

• D5 (Discriminant): PARTIAL. Argues be-
yond surface style; lacks formal nuisance-
confound tests.

• D6 (Predictive): NO. Used as evaluation
rubric; no external real-world outcome predic-
tion.

• D7 (Confounding): PARTIAL. Uses design
controls; no causal identification.

Paper 15: Azizov et al. (EMNLP Findings 2024)
— Political Bias and Factuality (Cross-lingual;
xMP).

• D1 (Construct): PARTIAL. Targets opera-
tionalized via existing rating schemes rather
than theory-defined constructs.

• D2 (Face): PARTIAL. Relies on expert-
provided outlet-level ratings and supplemental
labels; no formal content-validity study for the
resulting instrument.

• D3 (Reliability): PARTIAL. Reports cross-
check alignment between article samples and
outlet labels; informative but not full stability
analysis.

• D4 (Convergent): NO. No clear external
convergent validation reported.

• D5 (Discriminant): NO. No explicit tests
against nuisance confounds.

• D6 (Predictive): NO. Benchmarks models to
predict labels; no external outcome criterion.

• D7 (Confounding): NO. No
causal/confound-isolation methods.

Paper 16: Faulborn et al. (ACL 2025) — Politi-
cal Values Measurement (WVS/EVS items).

• D1 (Construct): YES. Builds measurement
around validated survey instruments and ar-
gues against ad-hoc quizzes.

• D2 (Face): YES. Inherits content validity
from decades of survey-item vetting.
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• D3 (Reliability): YES. Tests prompt sensitiv-
ity and demonstrates instability; reported as a
stability diagnostic.

• D4 (Convergent): PARTIAL. Motivates sur-
vey validity and population alignment, but
does not provide a clean correlation-style con-
vergent test as coded.

• D5 (Discriminant): PARTIAL. Diagnoses
wording/prefix contamination (nuisance sen-
sitivity), but does not report a classic discrim-
inant test against pre-specified nuisance fac-
tors.

• D6 (Predictive): NO. Focus is measurement
validity rather than external outcome predic-
tion using the derived score.

• D7 (Confounding): PARTIAL. Uses design-
based mitigation; not causal identification.

Paper 17: Azzopardi and Moshfeghi (EMNLP
Findings 2025) — Political Overton Window
(PRISM audit).

• D1 (Construct): YES. Operational-
izes Overton Window by mapping es-
pouse/neutral/refusal across a spectrum.

• D2 (Face): PARTIAL. Visualizations pro-
vide plausibility, but no formal expert content-
validity study.

• D3 (Reliability): YES. Reports chance-
corrected agreement for the assessment proce-
dure.

• D4 (Convergent): PARTIAL. Interprets
boundaries relative to expected alignment be-
havior; no independent ideology instrument
correlation.

• D5 (Discriminant): PARTIAL. Distinguishes
position from acceptability conceptually; lim-
ited empirical nuisance-separation evidence.

• D6 (Predictive): NO. Descriptive audit; no
external criterion prediction.

• D7 (Confounding): PARTIAL. Persona prob-
ing and demographic/prompt heuristics; no
causal identification methods.
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