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Discrimination based on skin color has been documented as a considerable problem in social science research. Most of

this research relies on Likert-type ratings of skin color such as the Massey-Martin Scale (MMS). Scholars have raised

questions about measurement error in such scales. We hypothesize that the coding of a person’s skin color will vary

depending on the race of persons previously coded. We find that the MMS is vulnerable to spillover effects: a person’s

skin is coded as darker, on average, if he is observed following a sequence of White persons than if he is observed fol-

lowing a sequence of Black persons. We also replicate previous work showing that Black and White coders use the scale

differently. Finally, having coders cross-reference the palette at the time of coding, rather than recalling the palette from

memory, fails to mitigate either race-of-coder or spillover effects.

Aconsiderable body of evidence indicates that dis-
crimination among Black Americans and Latinos on
the basis of phenotype gradation, known as colorism,

is a large and persistent social problem. Darker-skinned Black
Americans, and darker Mexican and Cuban Americans, face
greater discrimination in the labor market compared to their
lighter-skinned counterparts (Espino and Franz 2002; Hersch
2008; Kreisman and Rangel 2015; Wade, Romano, and Blue
2004). Darker-skinned Black Americans are also worse off on
a variety of socioeconomic and medical outcomes compared
to their lighter-skinned counterparts (Hochschild andWeaver
2007; Klonoff and Landrine 2000). Additionally, several ob-
servational and experimental studies suggest that Black Amer-
icans with a more stereotypically Black appearance receive
harsher criminal sentences (Blair, Judd, and Chapleau 2004;
Burch 2015; Eberhardt et al. 2004, 2006). Even charitable
giving and public support for natural-disaster relief seems

contingent on the skin color of perceived beneficiaries (Iyengar
and Hahn 2007; Jenq, Pan, and Theseira 2015). Studies con-
ducted outside of the United States, particularly in Latin
America, also identify colorism as a pressing social problem
(Canache et al. 2014; Telles 2004; Telles, Flores, and Urrea-
Giraldo 2015; Villareal 2010).

Over the past decade or so, political scientists have in-
creasingly recognized colorism’s influence on a vast array of
political outcomes, ranging from assessments of candidates
and political elites (Burge, Wamble, and Cuomo 2020; Hochs-
child and Weaver 2007; Weaver 2012) to feelings of political
efficacy and desire to participate in politics (Canache et al.
2014; Garcia Bedolla 2005;Wilkinson and Earle 2012). Darker-
skinned candidates face an electoral penalty when evaluated
by White voters (Hunter 2005; Weaver 2012). Conversely, re-
cent work by Burge et al. (2020) and Lerman, McCabe, and
Sadin (2015) finds that Black voters prefer dark-skinned Black
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candidates over lighter-skinned Black candidates. Black crim-
inal defendants have been shown to face color-based dis-
crimination in criminal sentencing (Burch 2015), which in
turn affects their opportunities for political participation.

Given the growth in studies focusing on skin color and
politics, which in large part is driven by the need to capture
race as a social construction (Omi and Winant 1986), it is
critical to assess the accuracy of existing metrics. To the
extent that the measures are noisy, this is likely to bias to-
ward zero the estimated effect of skin color on any outcome
variable of interest; to the extent that the measures embody a
more systematic source of error, this can bias results in other
ways (Meijer, Oczkowski, and Wansbeek 2021).

The prevailing measure of skin color among survey
researchers is a Likert-type scale. Often an interviewer or
coder is asked to rate the subject’s skin color against a palette
(e.g., fig. 1). In some cases, survey respondents are asked to
self-assess their color.1 There is good reason to believe,
however, that such Likert-type metrics suffer from consid-
erable measurement error. Previous studies have found that
one of the leading Likert-type skin color scales, the Massey-
Martin Scale (MMS), is applied differently by White and
Black coders, with White coders rating Black subjects darker
in color than Black coders do (Hannon and DeFina 2014;
Hill 2002).2 In light of this and other issues, Hannon and
DeFina (2016, 540) recommend “having interviewers (who
are asked to code the respondent’s skin color) reference a
simplified color chart during the interview.”

We also suspect that the skin-color rating assigned to a
given person may vary depending on the race of persons
previously coded. A coder who has just rated a sequence of
Black persons may become more attentive to differences
among Blacks. Conversely, after evaluating a sequence of
Whites, a coder who encounters a Black person may see that

person as “dark” by contrast and assign a darker rating than
would otherwise be the case.

If such “spillover affects” occur in the coding of skin color,
they could systematically bias Likert-type ratings obtained
through surveys that rely on cluster sampling, such as the
American National Election Study. Under cluster sampling,
the geographic concentration of racial/ethnic groups is likely
to result in Black Americans in the sample being more likely
to be interviewed immediately after another Black respon-
dent than immediately after a White respondent. If spillover
effects cause Black Americans to be coded as darker when
they are observed following Whites than when they are ob-
served following other Black Americans, then spillover effects
may systematically bias toward “dark” the coded skin color of
Blacks who live in predominantly White neighborhoods and
toward “light” the coded skin color of Black Americans who
live in predominantly Black neighborhoods. This would con-
found any research design that seeks to understand how
neighborhood conditions affect socioeconomic and political
outcomes for persons with a given skin color.

In light of these considerations, we undertake to test three
conjectures:

Spillover Effects. Application of Likert-type skin color
scales is affected by the race of persons whom the coder
previously coded, such that persons will be rated as
lighter in skin color if they are observed following a
sequence of Black Americans than if they are observed
following a sequence of Whites.

Race-of-Coder Effects. Relative to Black coders, White
coders rate Black Americans as darker skinned (as
previously found by Hannon and DeFina [2014] and
Hill [2002]).

Attenuation with Palette. Providing coders with a skin-
color palette alongside the images to be coded (as rec-
ommended by Hannon and DeFina [2016]) attenuates
spillover and race-of-coder effects, relative to the base-
line condition in which the coder is asked to memorize

Figure 1. Massey-Martin Scale (palette)

1. We conducted a literature review of political science studies fo-
cusing on skin color over the past two decades and found that 75% of
these articles use a Likert-type scale to measure skin color. See the ap-
pendix for details.

2. Other problems include that the color palette does not capture
much of the variation in skin tone among Whites (Branigan et al. 2013,
1659), and the numbered shades on the palette are not equidistant per
objective measures of reflectivity (Hannon and DeFina 2016). Moreover,
interviewer codings of skin tone using the standard protocol are not re-
liable. In the General Social Survey panel, the intraclass correlation for
skin tone between 2012 and 2014 was 0.451 for Black Americans and
0.079 for Latinos (Hannon and DeFina 2016). Among respondents known
to have had different interviewers in each year, the correlations were lower
yet: 0.279 for Blacks and 0.003 for Latinos (Hannon and DeFina 2016).
“Less than a quarter of the Black respondents listed in the top three
categories of skin darkness in 2012 fell into these same top three categories
in 2014” (535).
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the scale before observing the sequence of persons to be
coded.

We test these conjectures by analyzing the “consensus”
measure of skin color used in contemporary survey research,
the MMS (Hannon and DeFina 2016, 535).3 Initially devel-
oped to characterize the color spectrum among college
freshmen (Massey et al. 2003) and immigrants (Massey and
Martin 2003), the MMS was quickly adopted in a variety of
applications by sociologists, economists, political scientists,
and law professors (Dávila, Mora, and Stockly 2011; Frank,
Akresh, and Lu 2010; Hannon 2015; Herman 2011; Hersch
2008, 2009, 2011; Jenq et al. 2015; Kreisman and Rangel 2015;
Ostfeld and Yadon 2020). Both the 2010–14 General Social
Survey panel (Hannon and DeFina 2016) and the 2012 Amer-
ican National Election Study time-series panel include the
MMS, as does the US Bureau of Labor Statistics’ National
Longitudinal Survey of Youth (Hannon and DeFina 2014).
The Bureau of Labor Statistics has also gathered MMS mea-
surements for a nationally representative panel survey of
young workers (Kreisman and Rangel 2015). Given its wide-
spread use, the MMS serves an ideal case study for testing our
hypotheses.

We find that the MMS is vulnerable to spillover effects,
and we also corroborate the race-of-coder moderator effect.
Both effects are about half a point on the 10-point MMS.
Contrary to Hannon and DeFina’s (2016) conjecture, pro-
viding coders with the MMS palette alongside the images to
be coded does not attenuate these effects.

STUDY DESIGN
The data for this study come from a single, institutional-
review-board-approved survey experiment in which Ama-
zon Mechanical Turk (MTurk) workers in the United States
(443 Black Americans and 457 Whites) rated the skin color
of a number of Black Americans and Whites depicted in
head-shot photographs.4 MTurk workers gave consent and
were compensated $1.50 for participating in the study. Our
design, hypotheses, and analysis were registered with Evi-
dence in Governance and Politics before fielding the ex-
periment (https://doi.org/10.17605/OSF.IO/S4HB8).

Coders and coding tasks
All respondents self-identify as Black or non-Hispanic White
and were randomly assigned to one of two coding tasks.
Respondents given task 1 rated a sequence of 24 images using
the Massey-Martin palette (see fig. 1) as it is conventionally
employed. The respondents studied the palette at the begin-
ning of the survey and were asked to commit it to memory.
Respondents assigned to coding task 2 rated a sequence of
24 images using the Massey-Martin palette, with the palette
shown on the same screen as the photo. The latter task imple-
ments the recommendation of Hannon and DeFina (2016),
who suggest that interviewers discreetly reference the palette
when recording the subject’s apparent skin tone.

Photographs
Our study uses 48 photographs in total, 24 images of Whites
and 24 images of Black Americans. These are subsets of the
100 photographs of Black Americans and 100 photographs
of non-Hispanic Whites that Eberhardt et al. (2004) col-
lected and had college students rate for “stereotypicality”
using a Likert scale.We ordered each set of Eberhardt photos
by their mean stereotypicality ratings (per her students) and
selected quantiles.5

Each respondent rated a sequence of 24 photos, with each
photo displayed individually on the screen. A position in the
sequence of 24 photos shown to the respondent is indexed by
s ∈ S p f1; 2; :::; 24g. Sequence S is partitioned between
treatment and outcome positions, ST and SO. We set the
treatment and outcome positions in S by fixing the first five
positions as treatments and then randomly assigning an
“outcome” status to 10 of the remaining 20 positions, hold-
ing the resulting sequence constant for all respondents. This
resulted in SO p f6; 7; 10; 12; 15; 17; 19; 20; 22; 23g.

The sampling protocol for photos in the treatment con-
dition, ST, is determined by the treatment condition to which
the respondent was assigned. In the Black-photos treatment
condition, the photo in each treatment position is chosen by
randomly sampling a photo from the set of 24 Black photos.
In the White-photos treatment condition, the photo assigned
to the treatment position was chosen by randomly sampling a
photo from the set of 24 White photos. Outcome-position

3. The MMS is collected as follows. A trained interviewer receives a
numbered palette showing human hands in 10 hues and is told to mem-
orize each hue and its associated number (see fig. 1). During inter-
views, the interviewer recalls the palette from memory and matches the re-
spondent’s skin color to one of the colored hands on the palette. Each
respondent is coded by a single interviewer.

4. To obtain approximately equal numbers of Black and White MTurk
workers, we used a demographic prescreening survey.

5. The terms of use of the Eberhardt photo data prohibit distribution
and use of photos. Researchers interested in replication may contact the
Eberhardt lab directly to request access to the photos. It is also important
to note that these images are the faces of people with no criminal history.
Many were Stanford University students or employees at the time they
were photographed.
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photos are also randomly sampled.6 Figure 2 provides a visual
representation of the experimental design.

RESULTS
Photo-spillover effects
As stated above, we hypothesize that White treatment photos
will cause photos in the outcome positions to be coded darker
(a higher number on the MMS), relative to the codings that
result when Black photos are in the treatment positions. More
specifically we have the following hypothesis.

H1. The average MMS rating among respondents
assigned to theWhite-photos treatment condition will
be greater (darker) than the average MMS rating among
respondents assigned to the Black-photos treatment con-
dition, where the averages are taken over all respondents
assigned to task 1 or 2, all photos, and all outcome po-
sitions.7 We call the average MMS rating among respon-
dents assigned to the White-photos treatment condi-
tionminus the averageMMS rating among respondents
assigned to the Black-photos treatment condition the
treatment effect over all outcome positions.

We also estimate photo spillover effects on the coding of
the first photograph in an outcome position, which follows
five treatment photos. Although we have less statistical
power to detect this effect, the size of the treatment effect is
likely to be largest for the photos in this position, which is
immediately preceded by five consecutive treatment photos.
By contrast, no other outcome position is immediately pre-
ceded by more than two consecutive treatment photos.
Specifically, our hypothesis is as follows.

H2. The average MMS rating of the sixth photo rated
(the first outcome photo) among respondents assigned
to the White-photos treatment condition will be greater
(darker) than the averageMMS rating of the sixth photo

rated (the first outcome photo) among respondents
assigned to the Black-photos treatment condition, where
the averages are taken over all respondents assigned to
task 1 or 2 and all photos. We call the average MMS
rating among respondents assigned to theWhite-photos
treatment condition minus the average MMS rating
among respondents assigned to the Black-photos treat-
ment condition the treatment effect for the first outcome
position.

We further hypothesize that providing respondents with
the MMS palette alongside the photos to be coded (coding
task 2) will attenuate the treatment effect of the treatment
photos relative to the conventional MMS task where the
respondent must recall the palette from memory (coding
task 1).8 Let the treatment effect in task 1 be defined as the
average MMS rating among respondents assigned to the
White-photo treatment condition and task 1minus the average
MMS rating among respondents assigned to the Black-photo
treatment condition and task 1. Similarly, let the treatment
effect in task 2 be defined as the average MMS rating among
respondents assigned to the White-photo treatment condition
and task 2 minus the average MMS rating among respondents
assigned to the Black-photo treatment condition and task 2.
Here the averages are taken over all respondents assigned to
task 1 or task 2 as appropriate, all photos, and all outcome
positions.

With those definitions in place, the hypothesis can be
stated as follows.

H3. The treatment effect in task 2 (MMS coding with
template) will be less than the treatment effect in task 1
(conventional MMS coding).

Photo-spillover results
Given the random assignment of manipulations to respon-
dents, all of the estimands described above can be consistently
estimated by sample averages with clustered standard errors to
account for the fact that there are multiple observations from
each respondent. Results are summarized in table 1.

Averaging across all 48 photos in our sample, the effect
of the White treatment photos (relative to the Black treat-
ments) increases the average MMS rating of a photo in the
outcome positions by about 0.5 points on the 10-pointMMS.
The effect is somewhat larger on the first outcome position,

6. The appendix provides more details.
7. We also average over the treatment photo selection vectors, which

means that, in expectation, each photo is equally likely to be coded by each
respondent.

Figure 2. Representation of photo sequence, illustrating treatment and

outcome positions.

8. We did not include an attenuation-effect estimand for the first out-
come position in our preanalysis plan, figuring that we might lack power
to pin down that effect.
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which follows five treatments, than on the average outcome
position (0.63 vs. 0.48).

There is no evidence that providing respondents with the
MMS palette alongside the photographs to be coded reduces
the treatment-photo effect. Rather, the treatment effect is
actually slightly larger when respondents see the palette dis-
played alongside the photograph to be coded, although the
difference is not close to statistically significant.9

Race-of-coder moderator effects
Race-of-coder estimands and hypotheses. In light of
previous work finding that White interviewers using the
MMS rate Black subjects as darker on average than Black
interviewers do (Hannon and DeFina 2014; Hill 2002), we
hypothesize that White MTurk workers will similarly code
photographs of Blacks as darker on average than BlackMTurk
workers do. This hypothesis can be stated as follows.

H4a. The average MMS rating of Black photos among
White respondents will be greater (darker) than the
average MMS rating of Black photos among Black
respondents, where the averages are taken over all
respondents assigned to task 1 or 2, all Black photos,
and all outcome positions. We call the average MMS
rating among White respondents minus the average rat-
ing among Black respondents the race-of-coder effect
for Black photos.

We also separately investigate the effect for all White photos.

H4b. The averageMMS rating ofWhite photos among
White respondents will be greater (darker) than the
average MMS rating of White photos among Black
respondents, where the averages are taken over all
respondents assigned to task 1 or 2, all White photos,
and all outcome positions. We call the average MMS
rating among White respondents minus the average
rating among Black respondents the race-of-coder ef-
fect for White photos.

We hypothesize that providing respondents with the MMS
palette alongside the photographs to be coded will attenuate
the race-of-coder effect, as follows.

H5a. The race-of-coder effect for Black photos within
task 1 (standard MMS coding) will be greater than
the race-of-coder effect for Black photos within task 2
(MMS coding with template).

Again, we separately investigate the effect for the photos of
White individuals.

H5b. The race-of-coder effect for White photos
within task 1 (standard MMS coding) will be greater
than the race-of-coder effect for White photos within
task 2 (MMS coding with template).

Race-of-coder results. We find a modest but highly statis-
tically significant difference in the average MMS ratings of
Black and White coders. The difference mainly registers in
the coding of Black photographs. The average difference
between Black and White coders in the rating of the Black
photos in our sample is about 0.5 points on the 10-point
MMS, with White coders perceiving Blacks to have darker
skin than Black coders do (see table 2). This is essentially the
same effect size that we found with treatment photos. Averaging

Table 1. Treatment-Photo Effects on MMS Coding

Hypothesis Description Estimate p

1 Treatment effect, all outcome positions .48 1.9e207
(.09)

2 Treatment effect, first outcome position .63 .006
(.23)

3 Treatment effect from task 1 minus treatment effect from task 2 2.14 .417
(.17)

Note. The p-values are calculated using a two-tailed test against the null hypothesis that the estimand equals zero, with clustered
standard errors (in parentheses) to account for multiple observations from each respondent and of each photograph.

9. Displaying the template (task 2) does increase the average MMS
rating of outcome-position photos by a little more than half a point. In the
White-treatment condition, the average rating goes from 4 to 4.7, and in
the Black-treatment condition, it goes from 3.6 to 4.2. This suggests that
coders applying the scale from memory may tend to err in the “lighter’’
direction. But providing the template does not attenuate the treatment-
photo effect.
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over White photos instead of Black photos, we see that White
coders assign an MMS rating 0.2 points higher (darker) than
the average rating of Black coders (see table 3).

The Black-White coder difference is virtually identical
whether coders are asked to apply theMMS frommemory or
are presented with the MMS palette alongside the photos to
be coded. Just as providing the palette failed to attenuate
photo-spillover effects, so too does it fail to attenuate the
race-of-coder moderator effect. This is true for both Black
and White photos.

An alternative approach based on pairwise
comparisons
Research in several fields indicates that measurement via
pairwise comparisons is generally superior to Likert-type
scales (Dittrich et al. 2007; Oishi et al. 2005; Phelps et al. 2015).
As the MMS is a Likert-type scale, one might reasonably
wonder whether a pairwise alternative would prove less vul-
nerable to spillover and race-of-coder effects.

A random subset of our survey respondents was assigned
to view pairs of randomly selected photos and asked to
indicate which person in the pair has the darker skin color.
More specifically, we construct various data-collection sce-
nario contrasts’ and derive photo rankings from pairwise and
MMS data corresponding to each scenario.10 For example, to
evaluate the robustness of each method to variation in the
race of the coder, we construct one ranking of the photographs
using data from Black coders applying the MMS, another
ranking using data from Black coders making pairwise com-
parisons, a third ranking using data from White coders ap-
plying the MMS, and a fourth ranking using data fromWhite
coders making pairwise comparisons. The question of interest

is whether the ranking inferred from White coders’ observa-
tions is closer to the ranking inferred from Black coders’ ob-
servations when the observations consist of pairwise compar-
isons than when the observations consist of MMS ratings.

We find that rankings inferred from pairwise data are
generally noisier (higher variance) than rankings inferred
from the same amount of MMS data, at least for smaller
samples, but that if one standardizes the distance between
rankings inferred from two data-collection scenarios, the
pairwise methods are generally more robust to the data-
collection contrast. However, in only one of our comparisons
does the difference reach the conventional 5% threshold for
statistical significance. These results suggest the potential
usefulness of pairwise comparisons to mitigate some of the
issues associated with using the MMS scale to measure skin
color.11

DISCUSSION
Our results corroborate and extend the body of work on
measurement problems with the MMS. Using a conve-
nience sample of MTurk workers as coders, we provided
the first test of spillover effects in application of the MMS,
finding that treatment photographs of Whites cause “out-
come” persons to be rated about 0.5 points darker (on a 10-
point scale) than if the treatment photos are of Black
Americans. We also replicated an earlier finding that White
coders applying the MMS rate Black subjects as darker on
average than Black coders do (Hannon and DeFina 2014;
Hill 2002). The size of the Black-White coder difference in
coding of Black Americans’ skin color is about the same as
the size of the spillover effect. When respondents were
provided with the MMS palette, a modest shift in skin-color
ratings toward the darker end of the scale occurred, but
race-of-coder and photo-spillover effects were not attenu-
ated. Finally, we proposed an alternative approach that relies
on pairwise comparisons of photos to evaluate skin color; while

Table 2. Race-of-Coder Effects on MMS Coding of Photos of Blacks

Hypothesis Description Estimate p

4a Race-of-coder effect (Black photos) .52 1.4e210
(.08)

5a Race-of-coder effect from task 1 minus race-of-coder effect from task 2 (Black photos) .03 .809
(.14)

Note. The p-values are calculated using a two-tailed test against the null hypothesis that the estimand equals zero, with clustered standard errors
(in parentheses) to account for multiple observations from each respondent.

10. For the pairwise comparisons data, we fit a Bayesian version of
Thurstone’s (1927) model. For the MMS data, we fit a Bayesian ordinal
probit model in which the only covariates are photo-specific dummy
variables. We then convert the latent measures of skin color from each
model into ordinal rankings of photographs by skin color and use the
rankings to compare the two methods of encoding perceptual data.

11. A more detailed discussion is found in app. sec. 3.2. Results are
presented in app. table 2.
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the results show promise, further work and data-collection ef-
forts are needed to fully evaluate this approach.

One potential lesson from our study is that researchers
using Likert-type measures of skin color should try to inte-
grate or average the perceptions of multiple observers from
different racial groups, at least if the goal it to see how a
person is perceived “on average.” Another lesson is to avoid
coding or interviewing protocols in which some persons are
more likely than others to be observed and coded in a racially
homogeneous context, that is, at a moment when the coder
has recently observed many other people of one race and few
or no people of other races. Yet even if the subjects to be
coded are presented in random order, with each subject
equally likely to be appear in each position in the sequence,
our results imply that the average skin-color ratings of Black
and White persons are likely to depend on the relative fre-
quency of Blacks and Whites in the pool of persons to be
coded, as well as the relative frequency of Blacks and Whites
in the pool of coders. This means that ratings on the same
Likert-type scale may not be comparable across studies.

In combination with the burgeoning body of applied
work on colorism—the vast majority of which relies on
Likert-type scales12—we hope our results will motivate fur-
ther work on the underlying measurement issues. One might
be tempted to give up on attempts to measure subjective
perceptions of skin color and instead focus on obtaining
objective measures of skin color—such as those from spec-
trophotometer readings—as a way of minimizing measure-
ment error. This is the approach taken by Branigan et al.
(2013), who argue that perceived skin color is simply too
difficult to measure reliably. However, this focus on objective
measures is not without costs, as it effectively closes off
questions about how individuals perceive skin color and how
those perceptions effect political and social outcomes.

Social scientists now understand race as a social con-
struction (Omi and Winant 1986), which means that mea-

surement of race ought to be grounded in perceptions. In the
political world, there is strong evidence that candidates’
electability and viability can hinge on their skin color (Burge
et al. 2020; Hochschild and Weaver 2007; Weaver 2012) and
that citizens’ experiences with racial discrimination affect
their sense of political efficacy and desire to participate in the
polity (Canache et al. 2014; Ostfeld and Yadon 2020;
Wilkinson and Earle 2012). However, if the underlying
measures of skin color or race on which such studies rely are
contaminated by serious measurement error, the estimates
may be biased. It is therefore incumbent on researchers to
carefully consider how best to measure skin color and to
understand the limitations of scales that are now in wide-
spread use.
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