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Abstract

How do we design measures of social bias that we trust?
While prior work has introduced several measures, no mea-
sure has gained widespread trust: instead, mounting evidence
argues we should distrust these measures. In this work, we
design bias measures that warrant trust based on the cross-
disciplinary theory of measurement modeling. To combat the
frequently fuzzy treatment of social bias in natural language
processing, we explicitly define social bias, grounded in prin-
ciples drawn from social science research. We operational-
ize our definition by proposing a general bias measurement
framework DivDist, which we use to instantiate 5 con-
crete bias measures. To validate our measures, we propose
a rigorous testing protocol with 8 testing criteria (e.g. pre-
dictive validity: do measures predict biases in US employ-
ment?). Through our testing, we demonstrate considerable
evidence to trust our measures, showing they overcome con-
ceptual, technical, and empirical deficiencies present in prior
measures.

Introduction
Language technologies shape our lives and broader societal
function. As NLP researchers, our work has increasingly
direct, immediate, and significant impact: we must reckon
with this and, especially, any harms that arise from language
technology. Social bias is fundamental to this analysis (Hovy
and Spruit 2016; Bender et al. 2021; Weidinger et al. 2022,
inter alia): how we represent people and what we associate
them with has material consequences. Biased language tech-
nology can cause several types of harm (Dev et al. 2022;
Bommasani et al. 2021, §5.1): allocational (e.g. lower hir-
ing rates for marginalized groups due to algorithmic resume
screening), representational (e.g. associating Muslims with
violence in machine-generated content), and psychological
(e.g. stereotype threat that influences individuals to conform
to group-level perceptions).

Measurement is the primary lens for understanding social
bias. And measurement is essential to reducing bias: to de-
termine if an intervention mitigates bias, the measured bias
should decrease due to the intervention. If all paths forward
for making progress on bias in NLP pass through measure-
ment, then what is the current state of bias measurement?
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Many works have proposed bias measures, spanning dif-
ferent settings like text, vector representations, language
models, and task-specific models (see Blodgett et al. 2020;
Dev et al. 2022). Most measure bias for two social groups.
However, no standard exists for what evidence is required
to trust these measures: works provide a mixture of intu-
itive, empirical, and theoretical justifications. Perhaps as a
consequence, many works don’t hold up to scrutiny: mea-
sures have been shown to be brittle (Ethayarajh, Duvenaud,
and Hirst 2019; Nissim, van Noord, and van der Goot 2020;
Antoniak and Mimno 2021; Delobelle et al. 2022), contra-
dictory (Bommasani, Davis, and Cardie 2020), unreliable
(Aribandi, Tay, and Metzler 2021; Seshadri, Pezeshkpour,
and Singh 2022), invalid (Blodgett et al. 2021), and the space
overall is unclear on what bias means and what metrics pur-
port to measure (Blodgett et al. 2020). Trust is necessary: for
metrics to productively guide progress and inform decision-
making, we must trust them.

Consequently, we focus on trustworthy bias measure-
ment. We apply measurement modeling to address this chal-
lenge: measurement modeling is an expansive theory used
across the social sciences to design and validate measures
of (complex) social constructs (Loevinger 1957; Messick
1987; Jackman 2008; Jacobs and Wallach 2021). Therefore,
measurement modeling is well-suited to social bias measure-
ment: the theory has a rich history, including even for social
bias in humans (e.g. the Implicit Association Test; Chequer
2014).

Under measurement modeling, we must first define the
theoretical construct of social bias. In contrast, Blodgett
et al. (2020) showed many works in NLP failed to (ade-
quately) define social bias. To define social bias, we draw
upon principles in social science research; these principles
dictate how we operationalize our definition into a gen-
eral measurement framework. Our measurement framework
DivDist, based on divergences between probability dis-
tributions, improves over prior work in two key ways: (i)
compatibility, meaning bias measures can be instantiated
for several settings (e.g. text, vector representations) that
yield comparable measurements and (ii) multi-group, mean-
ing bias can be measured for not just two social groups.
These properties are valuable for NLP: for example, we
may want to understand how different processes change bi-
ases (e.g. the potential bias amplification between training
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data and a learned model, or between a generative model
and its samples), which requires compatability. Or, given
the unique forms of marginalization experienced by inter-
sectional groups (Crenshaw 1989), we will need to compare
biases in relation to more than two groups.

Beyond offering generality, our framework also makes
explicit that bias is fundamentally a relative phenomenon,
which has been neglected in all prior work. To meaning-
fully measure bias, one must state the normative reference
frame: what would constitute (no) bias? This is a material
consideration: the relevant reference could be a particular
ideal (e.g. equal association across groups), social status
quo (e.g. the US labor demographics), or technical contrast
(e.g. a model’s training data), but regardless the choice de-
termines what bias even means. By allowing the reference
to be specified, rather than being assumed, our framework
enables pluralism: different normative positions can dictate
what constitutes bias.

Using our framework, we instantiate 5 new bias measures,
spanning measures for text, word embeddings, and contex-
tualized representations. We put these measures to the test,
alongside several prior measures. Measurement modeling
(following the presentation of Jacobs and Wallach (2021))
specifies 8 well-studied desiderata: in a sense, measurement
modeling provides a well-established checklist of criteria to
build trust in measures of social constructs. For each desider-
atum, we design a test, amounting to the first rigorous testing
protocol for validating bias measures. Executing these tests,
we accrue evidence to trust our measures, while surfacing
concerns with prior measures.

Beyond our primary contributions (measurement frame-
work, testing protocol), we make several striking findings
while testing our measures. First, our bias measure for word
embeddings strongly correlates with societal trends in em-
ployment, whereas some prior measures are uncorrelated or
even anti-correlated, suggesting our measure is more ap-
propriate for certain computational social science applica-
tions. Second, our measures indicate the representations in
GPT-2 (Radford et al. 2019) amplify biases relative to GPT-
2’s training data, but this amplification remains latent and
unobserved when sampling from the model, which poses
broader questions regarding how biases acquired in training
language models propagate downstream (Goldfarb-Tarrant
et al. 2021; Steed et al. 2022). Third, “debiasing” methods
generally fail to reduce, and sometimes even exacerbate, so-
cial bias according to our measure, which calls into question
their effectiveness (Gonen and Goldberg 2019).

Principles for Social Bias
Notation. Following conventions in the social sciences, we
define social bias in terms of social groups G1, . . . , Gk,1
which reflect a categorization of individuals (Allport 1954),
and a target concept T , which bias is measured with respect
to. As an example, we may consider the (binary) gender
biases in science with G1 = female, G2 = male and

1We acknowledge that many categories (e.g. race, gender) are
the subject of abundant disagreement (Crenshaw 1989; Penner and
Saperstein 2015).

T = scientist.

Reducing bias to associations. Given social groups and a
target concept, some theories define bias as the target con-
cept’s differential association with each group. For example,
in the Implicit Association Test (Greenwald, McGhee, and
Schwartz 1998), the test uses response time to quantify the
association between the target concept and each group. Fur-
ther, these associations must be systematic: Beukeboom and
Burgers (2019) write that “bias is a systematic asymmetry”,
meaning that social bias pertains to broader social groups
(Friedman and Nissenbaum 1996), not particular individu-
als (cf. Bommasani et al. 2022).

Bias is Relative
If a machine translation model exactly replicates the proper-
ties of its training data, is it biased? It depends. Relative to
its training data, no, but relative to a specific societal refer-
ence, potentially yes, namely if the training data was biased
with respect to this reference. Most bias measures in NLP
ignore this fundamental property: bias is, instead, portrayed
as absolute by many measures.

This fundamentally misconstrues what bias is: bias is an
inherently relative construct, which requires that a reference
be specified. Bias is precisely the extent to which the ob-
served associations diverge from this reference. Since bias
emerges through social processes, reference-sensitive mea-
sures allow us to understand how different decisions in-
crease/reduce bias (Friedman and Nissenbaum 1996). In this
spirit, Shah, Schwartz, and Hovy (2020) and Hovy and Prab-
humoye (2021) attribute bias in NLP to several sources (e.g.
data selection, data annotation, model training): effective
bias measurement should aim to quantify the relative con-
tribution of each of these sources.

Defining Social Bias
Having introduced groups, targets, associations, and refer-
ences, we define social bias. Social bias is the divergence in
the observed associations between a target concept and a set
of social groups from corresponding reference associations.
In particular, most works in NLP and the social sciences con-
strue social bias as an “asymmetry” in the observed associa-
tions (e.g. the bias that scientist is more associated with the
male gender than the female gender), as in Beukeboom and
Burgers (2019). This perspective on bias is a special case of
our definition, when the reference is the uniform baseline:
no bias corresponds to the target concept being equally as-
sociated with every social group.

DivDist Measurement Framework
Having defined social bias, we propose our two-stage
measurement framework DivDist, which stands for Di-
vergence between Distributions. First, given parameters,
DivDist yields a bias measure bias. Second, given in-
puts (i.e. the target concept, social groups, and reference
mentioned in our definition), we define the bias measure-
ment bias(T,G1, . . . , Gk;p0) (i.e. a numerical value of
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how much bias is present).

s = [SoA(T,G1), . . . ,SoA(T,Gk)] (1)
p = normalize(s) (2)
bias(T,G1, . . . , Gk;p0) = D(p,p0) (3)

Parameters. To map from the abstract framework
DivDist to a concrete bias measure bias, we spec-
ify three functions (SoA, normalize, D). First, SoA
quantifies the strength of association between the target
concept and a social group as a numerical value in R≥0.
This function handles both setting-specific aspects of
measurement (i.e. SoA is considerably different for text
vs. vector representations) and the specific associations of
interest (e.g. different SoA implementations are needed
to measure frequency-related biases vs. more semantic
biases). Applying SoA to every (target concept, social
group) pair yields the observed association vector s ∈ Rk

≥0.
Second, we normalize s to a categorical distribution p using
normalize. Third, we quantify the divergence using
D between the (normalized) observed associations p and
the reference associations p0, which we also specify as a
categorical distribution distributed over the groups.

Observe the clear correspondence between our frame-
work DivDist and our definition: Step 1 extracts the
observed associations, Step 2 prepares these associations,
and Step 3 measures the divergence from reference as-
sociations. This correspondence indicates our measures
demonstrate structural fidelity (Loevinger 1957), one of 8
desiderata we consider in measurement modeling.

Inputs. To map from the bias measure bias to the bias
measurement bias(T,G1, . . . , Gk;p0), we specify three
inputs. We often represent social groups G1, . . . , Gk and
the target concept T using word lists, i.e. representative
words that embody the associated concept. We specify the
reference p0 as a distribution over the k social groups that
indicates the association between each group and the target
concept when there is no bias.

Generality. We prove several prior bias measures, across the
social sciences and NLP (Weitzman et al. 1972; Voigt et al.
2017; Caliskan, Bryson, and Narayanan 2017; Garg et al.
2018) are special cases of DivDist. In these works, bias
is measured in the binary setting as the difference in asso-
ciations (i.e. how much more associated is the male gender
than the female gender with scientist). This interpretation of
bias as a “systematic asymmetry” (Beukeboom and Burgers
2019) is recovered by DivDist using the uniform distribu-
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Measures
To further demonstrate the generality of DivDist, we in-
stantiate several bias measures (see tab:measures). In NLP,
we want to measure bias in a variety of settings: here,
we introduce measures for (human-authored or machine-
generated) text, (static) word embeddings, and contextual-
ized representations to provide broad coverage. These mea-
sures differ in the implementation of the SoA parameter,
which encodes the specifics of each setting; the choices for
normalize and D are consistent across settings.

Text
Since social bias is a systematic phenomenon, bias in text
manifests in distributional statistics. To implement SoAtext,
we quantify associations in text based on these statistics. The
association between concept T and group Gj in a corpus L
is quantified as follows:

1. Select contexts c1, . . . , cN in corpus L such that each
context ci mentions concept T .

2. For each context ci, let aij ∈ {0, 1} indicate if T is asso-
ciated with Gj in ci.

3. SoAtext(T,Gj) =
∑N

i=1 aij .

Contexts, mentions, and associations. The aforementioned
procedure partially implements SoAtext, but leaves ambigu-
ous: (i) what are contexts ci, (ii) what does it mean for a
concept T to be mentioned in ci, and (iii) what does it mean
for group Gj to be associated with T in ci? For contexts,
we consider three-sentence spans in L by default, testing the
sensitivity of measurements to this choice subsequently. For
mentions, these judgments could ideally be made by human
domain-experts, but since this is costly for large corpora, we
automate this by requiring that we have a word list W (T )
for T such that for each context ci, ∃w ∈ W (T ) s.t. w ∈ ci.
For associations in a context, we consider two options. In the
human variant of our text bias measure, humans make these
judgments, whereas in the automated variant, we require
that some word in the group’s word list W (Gj) appears and
that no word in any other group’s word list appears.3

2For brevity, we abbreviate SoA(G1, T ) and SoA(G2, T ) as a1

and a2, respectively. WLOG, let a1 ≥ a2.
3In pilot experiments measuring bias in English Wikipedia, the

second constraint increased the precision of our heuristic (since
contexts are more unambiguously associated with the group) with
fairly marginal cost in recall.
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Word Embeddings
For word embeddings, we quantify associations using cosine
similarity, which is the standard similarity metric for word
embeddings (e.g. Mikolov et al. 2013) that has garnered
some theoretical justification (Zhelezniak et al. 2019). Let
w be the word vector for word w. We quantify the strength
of association for word embeddings as

SoAWE(T,Gj) = cos


∑

t∈W (T )

t

|W (t)|
,

∑
g∈W (Gj)

g

|W (gj)|

 .

In words, SoAWE is the cosine similarity between the av-
erage target word embedding and average group word em-
bedding, closely resembling how Caliskan, Bryson, and
Narayanan (2017) and Garg et al. (2018) quantify associa-
tion.

Contextualized Representations
For contextualized representations, most prior measures
(e.g. May et al. 2019; Tan and Celis 2019; Guo and Caliskan
2020) compute a single bias value for these representations.
We argue this is a type error: the bias in contextualized
representations will depend on the context in which the
representations are used (i.e. the text being represented)
and, in fact, Ethayarajh (2019) showed these representations
are highly context-sensitive. For example, the gender biases
in BERT representations (Devlin et al. 2019) will differ
when using BERT to embed text from the New York Times
vs. a misogynistic subreddit. With that in mind, we present
two context-sensitive approaches that quantify strength of
association in contextualized representations wi, which
embed word w in context ci within a text corpus D.

Reduction to SoAWE. Our first approach reduces the con-
textualized case to the static case, following Bommasani,
Davis, and Cardie (2020). For each (group or target) word
w of interest, we compute w = Eci∈D|w∈ciwi as the
average of w’s contextualized representations across all
contexts in which it appears in corpus D. Bommasani,
Davis, and Cardie (2020) show this produces high-quality
static embeddings from contextualized representations:
once we have these static embeddings, we then apply the
aforementioned SoAWE to quantify strength of association
for contextualized representations.

Probing. The key downside to the reduction approach
is the reduction may distort associations in the original
contextualized representations (Bommasani, Davis, and
Cardie 2020). Therefore, we consider more direct tech-
niques for interpreting contextualized representations (see
Rogers, Kovaleva, and Rumshisky 2020; Belinkov 2021),
which closely resemble the probing (Alain and Bengio
2017; Hewitt and Liang 2019) methodology studied in the
interpretability community. Namely, we learn a classifier f
over the representations that simulates the human annotator
from the text setting.

Training. f receives a contextual vector ti as input and
predicts which social group (if any) the target word t is
associated with in context ci. To assemble f ’s training data,
we (i) sample N contexts ci that mention T in the corpus
D, (ii) manually annotate labels yi indicating which group
Gj (if any) that T is associated with in ci, (iii) embed the
contexts ci, and (iv) extract any contextual representations
ti for words t ∈ W (T ). (Note that in step (ii), the human
annotations can also be re-purposed to measure bias in the
text corpus D itself.) The resulting {(ti, yi)}Ni=1 examples
are used to learn f by minimizing the cross-entropy loss of
predicting group labels from the corresponding contextual-
ized representation.

Inference. To quantify strength of association, we sample
further disjoint contexts ctest that mention T :

SoACR-Probe(T,Gj) =
N∑
i=1

1 [f(ti) = Gj ] .

Decisions. Selecting the complexity of the classifier
(i.e. probe) have been the subject of intense debate in the
probing community (Hewitt and Liang 2019; Pimentel et al.
2020a,b; Belinkov 2021; Hewitt et al. 2021; Pimentel and
Cotterell 2021). We choose to learn linear classifiers, which
indicates that we prioritize easily (i.e. linearly) decoded as-
sociations (Ivanova, Hewitt, and Zaslavsky 2021; Hewitt
et al. 2021).

Normalization and Divergence Parameters
Beyond SoA, DivDist requires normalization
normalize : Rk → ∆k−1 and divergence
D : ∆k−1 × ∆k−1 → R≥0 to fully instantiate bias
measures. For conceptual simplicity, as defaults, we set
normalize to be dividing a vector by its sum (since the
input vectors are generally/always non-negative, so this is a
valid means for yielding a probability distribution) and D to
be the ℓ1 distance as a well-known and simple-to-understand
divergence. These settings correspond to our proof, where
we show our measure generalizes several prior measures,
and we show that our measurements are quite robust to
these choices empirically in our sensitivity analysis.

Testing Protocol
We have introduced 5 new bias measures, summarized in
Table 1: why should we trust them? In NLP, to build trust,
we sometimes have a ground truth, where a model/measure
is trustworthy if it agrees with the ground truth (e.g. human
judgments). However, we do not have a ground truth in
bias measurement; in fact that’s why we are building these
measures. We turn to the tradition of measurement modeling
(Loevinger 1957; Messick 1987; Jackman 2008), which
has been used in many social science disciplines to build
trust in measures of complex social constructs like bias.
Following Messick (1987) and Jackman (2008), we say
a measure is trustworthy if it is simultaneously valid and
reliable. Across disciplines and decades, individual criteria
have been defined and refined to designate the key criteria
for validity and reliability (we closely follow Jacobs and
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Setting Abbreviation Implementation of SoA
Text Human Number of contexts where T and Gj are associated based on human annotator
Text Aut. Number of contexts where T and Gj are associated based on cooccurrence
WE Emb. Cosine similarity between average embeddings for W (T ) and W (Gj)
CR Red. Cosine similarity between representations averaged across contexts for W (T ) and W (Gj)
CR Probe Number of contexts where T and Gj are associated based on learned probe

Table 1: Summary of the implementations of SoA we introduce for each setting.

Validity

Face validity Measure passes basic sanity checks.
Content validity Measure faithfully reflects theoretical understanding of the construct.
Convergent validity Measure correlates with other credible measures of the same construct.
Predictive validity Measure predicts other credible measures of related constructs.
Hypothesis validity Measure enables scientific inquiry related to the construct.
Consequential validity Measure’s eventual usage amounts to desirable social impact.

Relability Inter-annotator agreement Measurements are stable up to difference in annotators.
Sensitivity Measurements are stable up to difference in (hyper)parameters.

Table 2: Definitions for the 8 measurement modeling criteria we test for in our testing protocol.

Wallach (2021)). For each criteria, we systematically build
tests: each test provides incremental evidence for trust, and
measures that fare well under all tests accrue considerable
evidence to trust them. Similar approaches have been used
to verify the celebrated Implicit Association Test (e.g.
Greenwald, McGhee, and Schwartz 1998; Greenwald and
Nosek 2001; Nosek, Greenwald, and Banaji 2007), among
other prominent measures (e.g. Jacobs and Wallach 2021).

Experimental Details. Along with testing our measure, we
test measures from prior work, so we reuse the target con-
cepts, social groups, and word lists from prior work. For tar-
get concepts, we follow Garg et al. (2018), drawing upon
104 professions tracked in the US Census (Levanon, Eng-
land, and Allison 2009). For social groups, we follow Garg
et al. (2018), considering either binary gender (female, male)
or three-class race/ethnicity (White, Hispanic, Asian). For
word lists, we follow Bommasani, Davis, and Cardie (2020).
In several experiments, we report correlations: Spearman ρ
to measure monotonicity, Pearson R2 to measure linearity,
and bold to indicate statistic significance for p ≤ 0.05.

Testing Protocol for Validity
Face validity requires that the measure passes the “sniff
test” (Jacobs and Wallach 2021). To validate our measures
in this aspect, we measure gender bias for strongly gender-
stereotyped professions (based on heavily imbalanced labor
statistics in the 2000 US Census). We quantify associations
in (i) text (English Wikipedia), (ii) embeddings (Word2Vec
(Mikolov et al. 2013), GloVe (Pennington, Socher, and
Manning 2014)) and (iii) contextualized representations
(final layer of BERT-base (Devlin et al. 2019) applied
to English Wikipedia). To measure bias, we juxtapose
these observed associations with reference associations
of the uniform distribution (i.e. professions being equally
associated with both the female and male gender). For all

professions, across all settings, the measurements align with
prevalent US stereotypes, except for librarian in settings
involving English Wikipedia. While currently female-
stereotyped, the male-leaning measurement is justifiable:
most librarians discussed in Wikipedia refer to high-ranking
posts (e.g. Librarian of Congress) historically filled mostly
by men. See the arXiv version of the paper for the results.4

Content validity requires the measure to reflect theoretical
understanding of bias; the measure’s structure should match
bias’s structure (structural fidelity; Loevinger 1957). Given
the high-fidelity correspondence between our social bias
definition, derived from stated principles, and our frame-
work DivDist, we conclude our measures demonstrate
strong content validity.

Convergent validity requires that the proposed measure
patterns similarly to other measures of the same construct
(Campbell and Fiske 1959). As Jackman (2008) writes, con-
vergence is only valuable if prior measures are known to
be trustworthy. Since no prior measure has been subject to
rigorous testing, and measures produce drastically different
outcomes (Bommasani, Davis, and Cardie 2020), we cannot
apply this criterion.

Instead, we reinterpret convergent validity for our text
bias measures. Specifically, we introduce two bias measures
for text, based on either human or automated judgments
(i.e. cooccurrence). Since we consider human judgments to
be ideal, we report the correlation between the human and
automated measures. See the arXiv version of the paper for
the results.5 Specifically, we measure binary gender bias
for eight professions in English Wikipedia with the uniform
distribution as the reference. Additionally, we hypothesized

4https://arxiv.org/abs/2212.11672
5https://arxiv.org/abs/2212.11672
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human annotators make more holistic judgments based on
context, whereas automated cooccurrence would be more
brittle, so we consider the impact of context length. We
observe strong correlations for all context lengths: we report
subsequent results using 3-sentence contexts, since the
strongest correlations occur in this setting.

Predictive validity considers whether the measure is pre-
dictive of measures of related constructs. Since social bias
is attributed to domain-general cognitive processes (Tajfel
1969), we expect that human biases will manifest similarly
across different human behaviors. Consequently, biases in
linguistic performance (e.g. writing) should predict biases
in decision-making (e.g. employment).6

As a first experiment (Diachronic), we report the cor-
relation between (i) the average bias for 104 Census pro-
fessions in Word2Vec embeddings trained on corpora from
each decade of 1900–2000 (Hamilton, Leskovec, and Juraf-
sky 2016) and (ii) bias in US labor statistics for the corre-
sponding decades (Levanon, England, and Allison 2009). As
a second experiment (Contemporary), we report the corre-
lation between bias measurements for each of the 104 pro-
fessions based on (i) our measurements for contemporary
Word2Vec embeddings and (ii) the 2010 Census labor statis-
tics. See the arXiv version of the paper for the results.7

We report these correlations when the bias in word em-
beddings are measured using our bias measure, as well as
when the bias in word embeddings are measured using bias
measures introduced in prior work. (We refer the reader to
the cited works for the precise mathematical definitions of
these measures.) All bias measures are computed the same
word lists, hence any differences in correlation are strictly
attributable to the differences in the mathematical form of
the bias measures. Our measures across all settings consis-
tently track biases in hiring practices, with statistically sig-
nificant correlations in all cases. In other words, using our
measure to quantify bias in word embeddings yields mea-
surements that strongly correlate with simultaneous demo-
graphic trends in US employment.

In contrast, in many cases we find that other bias mea-
sures measures (e.g. Bolukbasi et al. 2016; Ethayarajh, Du-
venaud, and Hirst 2019) do not. To better understand why
some other measures may poorly predict demographic la-
bor biases, we inspected the mathematical form for the mea-
sures. We find a clear conceptual separation: the measures of
Bolukbasi et al. (2016) and Ethayarajh, Duvenaud, and Hirst
(2019) are based on principal component analysis (PCA),
whereas the measures of Garg et al. (2018) and our measure
rely on averaging. As a result, we believe the first principal
component in particular may be unreliable when considering
fine-grained trends like these.

In fact, there is no bias measure we consider, except our
own, that can measure bias in all settings (i.e. most of the

6We clarify that our analyses are strictly correlation-based and
not causal. Further, perfect predictability is not expected, since it is
reasonable that biases in text and hiring are not perfectly correlated,
but we do expect significant correlation.

7https://arxiv.org/abs/2212.11672

prior measures cannot handle the multi-group case for race)
and that is correlated in all settings. Given that the measure
of Manzini et al. (2019) is the only other multi-class measure
we considered, we find it especially striking that it yields
measurements that are strongly anti-correlated with em-
ployment practices. We return to this measure subsequently,
showing it lacks content validity (i.e. is structurally unfaith-
ful to the construct of bias).
Hypothesis validity requires the measure be useful for ad-
dressing scientific hypotheses. We study bias amplification
and bias mitigation, since both are central to the social im-
pact of language technologies.
Bias Amplification. For bias amplification, we test whether
training language models, as well as generating text using
language models, increases bias. There is a prevalent
hypothesis that model training generally increases bias,
with some evidence of this in particular settings in NLP
(Zhao et al. 2017; Jia et al. 2020). To test this hypoth-
esis, we consider GPT-2 medium (Radford et al. 2019),
a publicly available language model, and contrast the
associations in GPT-2’s training data L1, GPT-2’s contex-
tualized representations L2 (taken from the final layer),
and machine-generated text L3 sampled from GPT-2.8 Due
to the stochasticity involved in sampling, we use a large
sample of 250000 unconditional generations from GPT-2.9
This experiment highlights the benefits of relative bias
measurement, i.e. requiring an explicit reference, as the
effects of processes (training, sampling) can be directly
measured. We use our automated method to measure
associations in the (human-authored) training corpus L1

and machine-generated text corpus L3; we use probing to
measure associations in the contextualized representations
L2 when applied to L1. See the arXiv version of the paper
for the results.10 We show that representation learning
in GPT-2 amplifies gender biases relative to the training
data, but that much of this bias does not manifest during
generation. Surprisingly, machine-generated text from
GPT-2 is measured to be marginally less gender biased
than the data used to train GPT-2, which complicates the
prevalent hypothesis that learning reliably amplifies the bias
in the training data.

Bias Mitigation. Most “debiasing” methods target word em-
beddings, generally by directly optimizing a bias measure to
provably guarantee bias reduction under that measure (e.g.
Bolukbasi et al. 2016; Zhao et al. 2018b; Manzini et al.
2019). This brings to mind Strathern’s law: “When a mea-
sure becomes a target, it ceases to be a good measure”
(Strathern 1997; Goodhart 1984). Since we have provided
significant evidence to trust our measure, we report how mit-

8We use GPT-2 because it is the only language model we are
aware of with (i) public training data, (ii) public model weights,
and (iii) public canonical samples. Namely, many recent models
do not release model weights (e.g. GPT-4, Gemini) or training data
(e.g. Llama 2, Mistral); we are aware of no other model with large-
scale collection of public samples decoded from the model.

9https://github.com/openai/gpt-2-output-dataset; temperature =
1

10https://arxiv.org/abs/2212.11672
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igation methods change bias according to both our measure
and the measure considered in prior work. See the arXiv ver-
sion of the paper for the results.11 Each results corresponds
to (i) a set of pretrained word embeddings that were used
in the work introducing (ii) the debiasing method to reduce
bias against the (iii) listed groups. While every method re-
duces bias for the targeted measure, we find that for seven of
the eight methods, bias is not reduced and is instead ampli-
fied according to ours. Our findings significantly strengthen
existing findings that “debiasing” methods are quite limited
(e.g. Gonen and Goldberg 2019): how bias is measured can
change, and in many cases invert, judgments about the effi-
cacy of bias mitigation methods.
Consequential validity emphasizes the eventual usage and
impact of the measure (Messick 1988). While most of these
consequences will be determined in the future, our bias mea-
sures have already been adopted as the default bias metrics
in the HELM benchmark by Liang et al. (2022) to evaluate
30+ prominent language models. We will monitor our mea-
sures to revisit this question once further evidence accrues
on their impact.

Testing Protocol for Reliability
Inter-annotator agreement is required for measures to
be reliable (Jackman 2008). While the majority of our
measures are fully automated, we do introduce a method
to measure associations in text based on human judgments.
To estimate the inter-annotator agreement, we recruit 5
NLP researchers (unaffiliated with the project) to annotate
40 contexts for binary gender with the targets being the
eight professions used throughout. We report a very high
inter-annotator agreement of Fleiss’ κ = 0.79 (Landis and
Koch 1977) for this task.

Sensitivity is not a standard criteria in measurement model-
ing, to our knowledge, but since our measures involve sev-
eral parameters/inputs, we quantify sensitivity by perturb-
ing each one. In particular, several works (Ethayarajh, Du-
venaud, and Hirst 2019; Antoniak and Mimno 2021) shows
prior bias measures are highly sensitive to word list pertur-
bations. However, we find that all of our measures are quite
stable to variations in the word lists, normalization function,
and distance function. See the arXiv version of the paper for
the results.12

Related Work
Text. In the social sciences, work across many disciplines
has qualitatively characterized social bias in specific corpora
of interest (e.g. Blumberg 2007; Atir and Ferguson 2018).
While several quantitative measures have recently been
proposed (Rudinger, May, and Van Durme 2017; Bordia
and Bowman 2019; Field and Tsvetkov 2020; Falenska
and Çetinoğlu 2021; Sun and Peng 2021; Mitchell et al.
2022), to our knowledge, these methods have neither been
significantly adopted to facilitate social science research

11https://arxiv.org/abs/2212.11672
12https://arxiv.org/abs/2212.11672

nor to measure bias in NLP datasets. We find this sur-
prising given especially how large text corpora have been
instrumental to the rise of language models in the field
(Peters et al. 2018; Devlin et al. 2019; Brown et al. 2020,
inter alia), alongside growing broader interest in dataset
documentation and governance (Caswell et al. 2021; Bandy
and Vincent 2021; Dodge et al. 2021; Bender and Friedman
2018; Gebru et al. 2021; Jernite et al. 2022). For this reason,
we apply our measures to bias measurement on both sides
of language modeling: the initial human-authored training
corpora as well as the final machine-generated samples,
and our measures have been similarly applied in the HELM
benchmark for many language models and use cases (Liang
et al. 2022). Mechanically, our bias measures for text,
as well as other bias measures for text (e.g. Bordia and
Bowman 2019), bear strong resemblance to the estimates
of mutual information introduced by Church and Hanks
(1989).

Representations. Bolukbasi et al. (2016) initiated the study
of bias measurement for word embeddings, with a grow-
ing collection of such measures (e.g. Bolukbasi et al. 2016;
Caliskan, Bryson, and Narayanan 2017; Garg et al. 2018;
Ethayarajh, Duvenaud, and Hirst 2019; Manzini et al. 2019;
Du, Wu, and Lan 2019; Kumar et al. 2020). More recently,
these measures have been adapted to measure bias in con-
textualized representations, generally by reducing measure-
ment to the word embedding setting (Bommasani, Davis,
and Cardie 2020), either by specifying a singular canoni-
cal context (May et al. 2019; Tan and Celis 2019; Ross,
Katz, and Barbu 2021) or averaging representations across
many contexts (Bommasani, Davis, and Cardie 2020; Guo
and Caliskan 2020; Steed and Caliskan 2021). In compari-
son to prior measures for representations, we delineate the
following differences. First, our measures are the only ex-
isting measures that are directly constructed under a unified
framework for text and representation bias measurement. As
we show, this enable us to study the effects of training (a
transformation from text to representations) and generation
(a transformation from representations to text). Second, all
of our measures permit multiclass bias measurement, which
is necessary given the underlying social categories are gener-
ally non-binary. To our knowledge, the measure of Manzini
et al. (2019) (and measures that directly extend it) is the only
prior measure that also extends to the multiclass setting.

Given this, we further examined this measure to under-
stand the difference between it and our measures. Empir-
ically, we found our measure was highly correlated with
both diachronic and contemporary trends in employment,
whereas the measure of Manzini et al. (2019) was either
uncorrelated or anti-correlated, indicating it lacks predictive
validity. Further, we found that mitigation methods that suc-
cessfully optimize for the metric of Manzini et al. (2019)
always increase bias under our method, independent of the
specific optimization method (hard or soft) and the groups
considered (i.e. gender, race, religion). Tracing this to the
mathematical definition, we find the measure of Manzini
et al. (2019) lacks content validity (which likely explain
the above empirical findings). As a minimal example, con-
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sider that the binary gender bias according to Manzini et al.
(2019)’s measure for the concept scientist, using the word
lists {man} and{woman}, is proportional to:

cos(scientist,man) + cos(scientist,woman)

This fails to meet the criteria of content validity and struc-
tural fidelity, as it is not faithful to the underlying construct
of social bias: social bias is proportional to (as codified in
all other measures) the difference in the associations, not
the sum.

Other settings. In addition to measuring bias in text and
language representations, several recent works investigate
biases in language models via the probabilities they assign
to specific words or sequences (Kurita et al. 2019; Nangia
et al. 2020; Nadeem, Bethke, and Reddy 2021). Since lan-
guage modeling is currently the premier means for represen-
tation learning (Devlin et al. 2019; Bommasani et al. 2021),
there is a natural question regarding the relationship between
measuring biases of a pretrained language model and of rep-
resentations induced by a pretrained language model.13 In
our work, since we are motivated by the potential down-
stream harms of language technologies, we elect to measure
biases in representations as 1) it is the representations that
are used downstream and 2) some biases may not manifest
in sequence probabilities, but are latently present in the rep-
resentations, and therefore may still manifest in downstream
settings. To be more explicit, if some biases in the represen-
tations remain “dormant” and do not appear during genera-
tion (which is precisely what we saw in our experiments with
GPT-2 overamplification), they will be invisible in these be-
havioral evaluations of language models. Nonetheless, these
biases could observably affect model behavior once the lan-
guage model is fine-tuned for downstream tasks, which is
likely where the most concerning harms arise.

Further downstream, fairness evaluations exist for spe-
cific tasks such as machine translation (Stanovsky, Smith,
and Zettlemoyer 2019; Escudé Font and Costa-jussà 2019;
Prates, Avelar, and Lamb 2019), text generation (Sheng
et al. 2019; Gehman et al. 2020; Dhamala et al. 2021; Lucy
and Bamman 2021), coreference resolution (Rudinger et al.
2018; Zhao et al. 2018a; Cao and Daumé III 2020), sen-
timent analysis (Kiritchenko and Mohammad 2018), rela-
tion extraction (Gaut et al. 2020), and question answering
(Parrish et al. 2021).14 Given the existing paradigm of up-
stream pretraining and downstream adaptation/fine-tuning,
future work should investigate the predictive validity of up-
stream bias measures at predicting downstream bias mea-
sures (Goldfarb-Tarrant et al. 2021; Jin et al. 2021).

Discussion of Measurement Modeling
We stress test our measures using measurement modeling,
an interdisciplinary theory with a long history (Loevinger
1957; Messick 1987; Jackman 2008). Our work joins a

13This mirrors the distinction between behavioral and represen-
tational methods in interpretability (Belinkov 2021).

14See Czarnowska, Vyas, and Shah (2021) for a summary.

growing collection of recent works that embrace measure-
ment modeling in computational and AI contexts (Jacobs
and Wallach 2021; Milli, Belli, and Hardt 2021; Blodgett
2021). For social bias in NLP, recent works use measure-
ment modeling to identify failures in the validity (Blodgett
et al. 2021) and reliability (Zhang, Sneyd, and Stevenson
2020; Du, Fang, and Nguyen 2021) of existing bias mea-
sures. In contrast, our work is the first to argue for the trust-
worthiness of social bias measures based on testing via mea-
surement modeling. With that said, we emphasize that this
does not unequivocally cement the trustworthiness of our
measures, especially in contexts they have not been tested
in: we have shown our measures pass the tests we introduce,
but there certainly may be (and likely are) others that would
demonstrate their weaknesses.

Beyond social bias, we believe measurement modeling
can be a powerful general-purpose method in NLP in con-
texts where measurement/evaluation may be hard (but trust
in evaluation is critical). To briefly demonstrate this, we enu-
merate several instances where existing work that studies
evaluation in a particular context can be reinterpreted as re-
ferring to one (or more) of the criteria in measurement mod-
eling. Critically, none of these works leverage either the spe-
cific language, or broader theory, of measurement modeling,
but they can all be unified under this lens. In natural lan-
guage generation evaluation, numerous works (e.g. Zhang
et al. 2020; Sellam, Das, and Parikh 2020; Hessel et al. 2021;
Pillutla et al. 2021) argue for their metrics to be used in
place of existing metrics like BLEU (Papineni et al. 2002),
because they more faithfully capture the semantics of lan-
guage compared to the brittle overlap-based BLEU, and/or
they are more correlated with human judgments. In essence,
these works are arguing for the content validity and/or the
convergent validity of their metrics. In the analysis of ex-
plainability methods, Jacovi and Goldberg (2020) argue sev-
eral methods improperly conflate the plausibility and faith-
fulness of evaluations, which can be understood as a failure
in the content validity of these methods. And, in the eval-
uation of word embeddings, Chiu, Korhonen, and Pyysalo
(2016) and Rogers, Hosur Ananthakrishna, and Rumshisky
(2018) show intrinsic evaluations (e.g. word analogy tests,
word similarity/relatedness) do not reliably correlate with
extrinsic evaluations of downstream outcomes (e.g. the per-
formance of models built using these embeddings), indicat-
ing they lack predictive validity. Ravichander, Belinkov, and
Hovy (2021) provide similar results for the intrinsic evalua-
tions of syntactic understanding versus downstream behav-
ior on entailment tasks.

More generally, measurement modeling provides a battle-
tested set of well-studied desiderata, which can be used to
standardize how we evaluate measures in NLP. In particu-
lar, while the criteria in measurement modeling are unlikely
to be truly exhaustive, they do represent a comprehensive
taxonomy of what properties are important for a measure to
satisfy. In practice, we imagine this would yield an explicit
protocol for accruing trust in a measure/evaluation by sub-
jecting the measure/evaluation to a battery of tests (cf. the
software engineering tests of Ribeiro et al. 2020).
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Limitations
In this work, we center the trust of social bias measures.
Consequently, we make explicit that while our testing sug-
gests reasons to trust our measures, providing greater rigor
than all prior work, nonetheless there likely exist other rea-
sons to distrust our measures. Namely, the extend to which
our measures are reliable (e.g. to rare words in word lists,
to broader perturbations) and generalizable (e.g. to demo-
graphic categories beyond our narrow treatments of race and
gender, to texts/representations beyond Wikipedia and sim-
ilar corpora, to languages beyond English) is still incom-
pletely understood. Consequently, this bears on the appli-
cability of our measures to broader settings (e.g. while they
they are predictive of trends in hiring, their utility for com-
putational social science applications and fine-grained anal-
ysis is underexplored) as well as to their primary uses in
NLP for bias mitigation. For this reason, we deliberately do
not state optimization procedures to optimize these measures
as, while we do trust their ability to measure bias, we are
skeptical that direct optimization will lead to less harmful/-
more just language technology. In this vein, we recommend
caution in employing these measures to understand conse-
quential systems until they have been even more strenuously
tested.

Beyond questions of trust, we also note that measure-
ment itself is limited and could benefit from alternative
approaches. While we have not observed such approaches
achieving widespread adoption in NLP, we believe more
grounded approaches (e.g. user studies that document the
harms of specific language technologies in specific contexts)
are necessary. Namely, we believe the connection between
social bias as it is understood in NLP remains tenuously
connected with precise accounts of the harms of language
technology. Already, we have seen this in the poor correla-
tions between upstream bias measures and downstream bias
measures. More generally, we expect bias measurement in
the style we advance in this research, even with its sensi-
tivity to additional factors unconsidered in prior work (e.g.
normative positions/references, the corpus in the contextu-
alized representation setting), still is likely to diverge for
more user-centric analyses of specific technology (e.g. in
the style of certain traditions in sociology, anthropology,
human-computer interaction). To this end, we hope our work
on adopting measurement modeling from the social sciences
can be a step on a broader trajectory towards more mixed-
methods approaches to social bias in NLP.

Conclusion
In this work, we foreground trust in social bias measure-
ment: how do we accrue the evidence necessary to warrant
trusting bias measures? Trustworthy bias measures are in-
tegral for making progress on broader goals (e.g. harm re-
duction through bias mitigation), which are of increasing
consequence as the footprint of language technology and
NLP grows. Our work contributes (i) a general measurement
framework DivDist to measure bias, based on principles
in social science, along with (ii) a testing protocol based
on measurement modeling. Together, this makes the case

for our social bias measures being trustworthy. However, as
Messick (1987, 1988) reminds us, the task of validating a
measure is an ongoing process.

Reproducibility
All code required to use our measurement framework and
instantiated measures, as well as to replicate our experi-
ments/tests, will be made publicly available on GitHub un-
der the (open-source, permissive) MIT license. All data, in-
cluding word lists (Antoniak and Mimno 2021), that we use
is publicly available.
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Ethical Concerns
By its nature, our work on bias measurement runs the risk
of ethics washing, especially if our measures are used in-
appropriately. Namely, while this work presents reasons to
trust these measures, they likely should not be directly opti-
mized (see Reich, Sahami, and Weinstein 2021) as a means
for directly ”guaranteeing” so-called ”unbiased” NLP mod-
els. We see this as the central ethical risk of this work. Be-
yond this, we believe the themes of trust/carefulness in the
study of bias in NLP should be adopted more broadly, and
we believe measurement modeling is an effective means for
operationalizing this in many contexts.

Research Positionality
The researchers involved in this work are situated at aca-
demic institutions: in large part, they are motivated to con-
duct this work by deficiencies they see in the scientific liter-
ature on social bias in NLP, but also the inadequate empha-
sis placed on social bias in the development/deployment of
widespread language technology.

Adverse Impact
We do not foresee any significant adverse impacts of
this work. While we prophylactically raise concerns of
bias/ethics-washing in the above statement on ethical con-
cerns, we believe the ultimate likelihood and magnitude of
such adverse impacts are unlikely to be of significant con-
cern if they materialize. These are the only adverse impacts
we can currently envision.
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