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Explicit and implicit gender-science and gender-career biases have shifted
toward neutrality in the past decade. Researchers speculate that these
changes result from women’s increased visibility in the science field and
job market, but little is known about how the changes in group-level
explicit and implicit gender-science and gender-career bias relate to one
another over time. Building on contemporary models of group-level bias,
this study investigates the temporal and directional relationship between
group-level implicit and explicit gender bias between 2007 to 2016 using
multivariate multilevel modeling. We found that lower group-level implicit
bias in a previous month predicts lower group-level explicit bias in the fol-
lowing month. We also found evidence that group-level explicit bias in a
previous month was positively associated with group-level implicit bias in
the following month. These findings have practical and theoretical implica-
tions for understanding the bidirectional relationship between group-level
implicit and explicit biases over time.
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Individuals” negative attitudes about social groups can result in preferential treat-
ment that produces social inequalities (e.g., FitzGerald & Hurst, 2017; Rice & Barth,
2017; Rosen et al., 2021; Staats, 2015-2016). People’s attitudes about a social group
can be implicit or explicit (Gawronski & Bodenhausen, 2011; Rydell et al., 2006;
Strack & Deutsch, 2004). Some theories posit that implicit attitude measures are
thought to capture individuals” mental associations with a target group (e.g., asso-
ciating women with the home), while explicit attitude measurements are thought
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to capture people’s propositional reasoning processes (e.g., believing women
should stay at home; Gawronski & Bodenhausen, 2006). Awareness of the limita-
tions of individual-level implicit measures (Greenwald et al., 2022) and increased
access to large-scale data collection have led some researchers to shift focus to
investigating group-level attitudes, or attitudes held by large groups of individu-
als in a shared context, such as a geographic region or organization. Compared
to individual-level implicit attitudes, group-level implicit attitudes have superior
reliability, stronger correlations with explicit attitudes, and better predictive valid-
ity for behavioral outcomes (Calanchini et al., 2022; Hehman et al., 2019). Because
these group-level estimates, which can be understood as the collective average
attitudes shared by individuals in theoretically relevant situations (e.g., locations
and time frame with shared culture), are associated with meaningful and theoreti-
cally consistent health, education, and criminal justice outcomes (Hehman et al.,
2018; Leitner et al., 2018; Miller et al., 2015; Orchard & Price, 2017), they are not
a mere statistical artifact of aggregation (Hannay & Payne, 2022). This research
aims to build on contemporary theories of group-level attitudes to understand
how group-level implicit and explicit attitudes influence one another over time.
Three theories have emerged to understand the bases of group-level attitudes
and their real-world effects. First, although not a model explicitly focusing on
group-level attitudes, the Prejudice-in-Places model argues that places can be
prejudiced when they create disparate outcomes for social groups in those places
(Murphy & Walton, 2013), indicating that the institutional and cultural influ-
ence of a place contributes to levels of bias. Second, the Bias of Crowds model
reconciles the paradox between the fluctuation of implicit bias at the individual
level and its stability at the group level. The Bias of Crowds model argues that
group-level prejudice reflects systematic inequalities (Payne et al., 2017). Third,
Calanchini et al. (2022) argued that regional-aggregated implicit and explicit bias
may largely represent shared culture, including beliefs and norms in a geographic
region. Although these contemporary models proposed distinct explanations of
group-level implicit and explicit bias, their core ideas overlap in suggesting that
group-level biases index a group’s shared context with respect to an intergroup
bias (cf. Connor & Evers, 2020, for another view). Consistent with these views, the
current research investigates group-level bias shared within a temporal context.
Indeed, recent empirical work indicates that group-level attitudes not only reflect
the social environment but also can be interpreted as a barometer for cultural shifts
over the years. Just as how comparing the group-level bias in geographic regions
could give us a sense of the regions’ cultural environment, examining group-level
bias in different time periods provides insight into the cultural shift driven by
media representation and social movement. Researchers have proposed that the
increasingly positive and complex representation of gay and lesbian people in the
media contributes to the decrease in group-level implicit and explicit sexuality
bias (Westgate et al., 2015). Moreover, changes in group-level implicit and explicit
attitudes are associated with societal-level change, for example, legislation such as
the legalization of same-sex marriage (Aksoy et al., 2020; Ofosu et al., 2019), and
social movements, such as the Black Lives Matter movement (Sawyer & Gampa,
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2018). Despite the growing evidence for the link between societal-level change and
changes in group-level implicit and explicit bias, little attention has been paid to
the process of these changes, specifically the directional relationship between the
group-level implicit and explicit attitudes across time.

The current study examines the process of longitudinal changes in group-level
implicit and explicit bias with respect to the association between gender and science
and gender and career. To date, very few studies have directly examined the rela-
tionship between changes in group-level implicit and explicit bias. Charlesworth
and Banaji (2019) found mixed results on the relationship between the change
of group-level implicit and explicit bias in five different aggregated implicit and
explicit attitude data sets on race, skin tone, age, disability, and body weight. They
found evidence that implicit attitude change precedes explicit attitude change for
race and skin-tone attitudes but not for age, disability, and body-weight attitudes,
although exactly why this may be the case remains uncertain. Two recent studies
by the same authors suggested that people’s implicit and explicit gender-science
and gender-career biases have been decreasing in the past decades across various
demographic groups, and they proposed that the decrease is related to the increase
in women’s visibility in science and in the job market (Charlesworth & Banaji,
2021, 2022). While these studies focus on implicit and explicit bias levels over time,
they examine the two constructs separately and cannot speak to how group-level
implicit and explicit gender biases relate to one another during the decline in the
past decade. We are aware of the idea that group-level implicit and explicit bias
may be two measurements capturing a single construct in circumstances when
they are highly correlated, in this case reflecting a region’s strong cultural con-
sensus (Calanchini et al., 2022). Yet, there is considerable heterogeneity in corre-
lations between group-level implicit and explicit bias depending on the type of
bias (Calanchini et al., 2022), and empirical evidence shows that the change in
implicit and explicit bias does not always move in the same direction (e.g., explicit
body-weight bias decreased while implicit body-weight bias increased in the
past decade; Charlesworth & Banaji, 2019). It is safe to conclude that group-level
implicit and explicit biases are not always the same thing, and it is plausible that
one may precede the other. Even when they are highly correlated, other factors
influence group-level implicit and explicit bias in addition to the potential over-
lapping culture they represent. Unraveling the processes underlying the decline of
group-level gender implicit and explicit bias contributes to the understanding of
the theoretical relationship between these two constructs through offering valu-
able insights into how their unique components are interrelated and have practical
implications for interventions to reduce gender bias.

In this study, we analyzed the temporal and directional relationship between
group-level implicit and explicit gender-science and gender-career bias changes
between 2007 and 2016' using the Project Implicit data sets. Although many stud-

1. There was an immediate mean drop of two standard deviations in explicit gender-science and
gender-career bias in 2016, most likely due to changes in the format of the explicit bias measures
(Charlesworth & Banaji, 2021; N. Frost, personal communication, June 26, 2023). The current study
focuses on the data before the change in measurement.
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ies have analyzed the Project Implicit data sets, and some of them focused on the
change in bias over time (Ravary et al., 2023; Somo et al., 2021), this study will be
the first to employ a multilevel modeling approach to understand the causal rela-
tionship between group-level gender implicit and explicit bias during the change
over time. Having multiple independent teams of researchers analyze the same
data set using different analytical techniques and choices to test similar research
questions is essential for achieving scientific reproducibility (Botvinik-Nezer et al.,
2020; Silberzahn et al., 2018).

The current study used multivariate multilevel modeling to examine the cross-
lagged relationship between the monthly aggregated mean of implicit and explicit
gender bias while controlling for participants” demographics. We implemented a
random intercept cross-lagged panel model (RI-CLPM), which accounts for both
the temporal and the time-invariant stability of the two variables, so that the esti-
mates of the cross-lagged effects can accurately capture how the changes in the
level of the two variables influence one another above and beyond the shared con-
tribution of them (Hamaker et al., 2015; Mulder & Hamaker, 2021). Specifically,
our model tested if group-level explicit bias in a previous month is associated with
the group-level implicit bias in the following month or vice versa. The decision to
use a month as an aggregated unit balanced the considerations of choosing a time
interval that can capture the change and gaining enough group-level data points
to run the multivariate multilevel model. It also aligns with the approach to depict
change over time in Charlesworth and Banaji (2019).

On the basis of the observed decreasing trend of implicit and explicit group-level
gender-science bias and gender-career bias in the past decade (Charlesworth &
Banaji, 2019), we hypothesized that group-level implicit bias is significantly asso-
ciated with the previous group-level explicit bias on top of the previous group-
level implicit bias. We also hypothesized that the change in group-level implicit
bias is significantly related to the subsequent change in group-level explicit bias
on top of the previous group-level explicit bias. In addition, because past research
has found that men employed in the fields of science, technology, engineering, and
mathematics (STEM) hold stronger gender-science implicit and explicit bias than
women in STEM (Carli et al., 2016; Cundiff et al., 2013; Smyth & Nosek, 2015), we
examined whether the relationship between group-level implicit and explicit bias
may be different for men in STEM versus women in STEM. We also conducted
robustness checks by excluding control variables and aggregating the time unit
differently.

METHODS

SOURCES OF DATA

Gender-Science Implicit and Explicit Bias. We used publicly available data from
Project Implicit (https://implicit.harvard.edu/implicit/takeatest.html) collected
between 2007 and 2016. During this time, the gender-science Implicit Association
Test (IAT) data sets collected 501,560 responses in the United States. Participants
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were excluded if more than 10% of their responses were faster than 300 ms (Green-
wald et al., 2003) or if they did not finish the IAT task or the survey questions,
resulting in 291,164 (32.7% male) observations included in primary analyses. The
data sets include measures of implicit and explicit gender-science bias, people’s
attitudes and experiences with science, and demographic information.

In the gender-science IAT, participants were asked to categorize stimuli that are
related to either female or male with stimuli that are related to either the science
or the liberal arts field. Participants’ responses were then calculated into IAT D
scores, showing the direction and strength of the implicit association (Greenwald
et al., 2003). A positive direction suggests a stronger association of women with
liberal arts and men with science compared to the association of women with sci-
ence and men with liberal arts (Greenwald et al., 2022).

Explicit gender-science bias is measured by two items, which asked partici-
pants how much they associate science or liberal arts with males and females (e.g.,
Please rate how much you associate the following domains with males or females:
Science). The items are on a 7-point scale, from 1 (strongly female) to 7 (strongly
male). To align with the relative nature of IAT, and consistent with previous work,
we calculated a relative bias score by subtracting the liberal arts item from the sci-
ence item. The higher the score, the more participants reported congruent gender-
STEM bias (i.e., associating males with science and/or females with liberal arts).

In addition, considering how science identity is closely related to implicit and
explicit gender-science bias (Smyth & Nosek, 2015; Zitelny et al., 2017), we used
two items in the data sets that asked participants how much they liked science
and averaged their responses into one score to get participants’ science identity
(r=.802, p <.001). The options ranged from 1 (strongly disliked) to 5 (strongly liked).

Demographics of the participants (gender, age, education attainment, political
orientation, etc.) were also collected. The data sets also include information on
the participants’ major(s). Participants who reported majoring in biological/life
sciences, computer and information sciences, engineering, mathematics, physical
sciences/science technologies, health professions or related sciences, and psychol-
ogy are considered as majoring in the STEM field. About 53% of the participants
reported that they majored in the STEM field.

Gender-Career Implicit and Explicit Bias. The gender-career IAT data set includes
the results that reflect participants’ implicit association of males with career and
females with family (n = 707,120; 30.8% male). Identical to the gender-science data
set, participants’ implicit attitude is operationalized as the IAT D score. Partic-
ipants’ explicit bias is measured by two items: how strongly they associate the
career with males and females (career item), and how strongly they associate the
family with males and females (family item). The items are on a 7-point scale, from
1 (strongly female) to 7 (strongly male). Consistent with the gender-STEM data set,
explicit bias was operationalized as the difference between the home and work
items, with higher scores indicating that participants associated women more with
family and men more with work. The gender-career IAT data set also includes par-
ticipants” demographics (gender, age, education attainment, political orientation,
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etc.). The gender-career data set we used included participants’” responses col-
lected in the United States from 2007 to 2016.

ANALYTIC APPROACH

To capture the changes in group-level implicit and explicit bias in the past years,
we aggregated the Project Implicit raw data for each data set to calculate the
monthly mean implicit and explicit bias across participants. We aggregated and
restructured these data by month, along with the monthly mean of participants’
age, education attainment, political orientation, and proportion of participants’
gender. In the restructured data, each row was the average implicit and explicit
bias per month, the previous month, and aggregated demographics for those
months (see Figure 1).

To test our hypothesis, we conducted analyses using the nmle package in
R (Pinheiro et al., 2022) in a multilevel framework with data clustered within
months. We regressed a month’s average explicit and implicit bias on the explicit
and implicit biases of the previous month (Figure 2). The “a” paths can be con-
sidered as the measurement of the autoregressive effect of the previous month’s
mean bias on the mean bias of the following month. The two diagonal “b” paths
represent the effect of group-level implicit bias in the previous month on group-
level current explicit bias and the effect of group-level explicit bias in the previ-
ous month on current group-level implicit bias. The model fits with our research
focus on the impact of relative change in group-level implicit bias on group-level
explicit bias and vice versa (Orth et al., 2021). In addition, considering the poten-
tial nonindependence between monthly aggregated implicit bias and explicit bias
based on past findings (Calanchini et al., 2022; Hehman et al., 2019), the model
allows for the correlation between these two variables (indicated by the two
curved lines in Figure 2), which plays an important role in controlling for the
effect of each other when predicting the outcome variables (Kenny, 2018). The
model also allows for different error variances for the implicit bias and explicit
bias outcomes. In order to test if the relationship between group-level implicit
and explicit bias may be different for men versus women in STEM, we added
participants” gender and interaction with the other bias variables and ran the
model in a subset including only participants who self-reported majoring in the
STEM fields. In addition to testing this model in the restructured data set of the
group-level implicit and explicit bias based on the calendar month (i.e., beginning
on the first day of the month), we tested whether our conclusions were robust to
this arbitrary clustering by repeating analyses based on clustering months from
the 16th of the previous month to the 15th of the subsequent month and from the
21st of the previous month to the 20th of the subsequent month.

RESULTS

To explore the relationship between group-level implicit and explicit gender-sci-
ence and gender-career attitudes, we used multivariate multilevel modeling to
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FIGURE 2. Proposed model of the relationship between monthly aggregated implicit and
explicit gender bias.

disentangle the cross-lagged relationship while taking the correlational nature of
the variables into consideration. We included demographic variables because they
may be influential in predicting people’s implicit and explicit gender-science and
gender-career biases.

GENDER-SCIENCE BIAS

Model TA: Entire Sample (2007-2016)

We first examined the null model to test the degree of nonindependence in the
data. The Rho = 0.84, indicating a strong positive correlation across implicit bias
and explicit bias in the same month. We first examined the cross-lagged relation-
ship between group-level implicit bias and group-level explicit bias in the gen-
eral population. When controlling for demographics and science identity, the
group-level implicit bias in the previous month is significantly associated with the
group-level implicit bias in the following month, b = .30, SE = .10, 95% CI [.11, .49],
B = .08, p =.002. Group-level explicit bias in the previous month was also signifi-
cantly associated with the group-level explicit bias in the following month, b = .38,
SE = .11, 95% CI [.17, .59], p = .06, p < .001. These significant carryover effects are
consistent with the overall stability of group-level bias reported in previous litera-
ture (Vuletich & Payne, 2019).

More critical to our research questions, results indicated a significant cross-
lagged relationship between the group-level explicit bias in the previous month
and the group-level implicit bias in the following month, b = .07, SE = .02, 95% CI
[.03, .11], f = .07, p < .001 (see Figure 3). For each one-point decrease in the group-
level explicit bias in the previous month, the expected group-level implicit bias
decreased by .07 points in the subsequent month, which is more than two times
the standard deviation of group-level implicit bias (SD = .023). In addition, we
found a significant cross-lagged effect between the group-level implicit bias in the
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Note. Paths show unstandardized coefficients.
*p < .01 **¥p < .001.

FIGURE 3. The temporal and directional relationship between group-level gender-science
implicit and explicit bias. Paths show unstandardized coefficients. **p < .01. ***p < .001.

previous month and the group-level explicit bias in the following month, b = 2.01,
SE = 48, 95% CI [1.08, 2.94], § = .08, p < .001. For each one-point decrease in the
group-level implicit bias in the previous month, the expected group-level explicit
bias decreased by 2.01 points in the subsequent month, which is more than 20
times the standard deviation of group-level explicit bias (SD = .11).

Robustness and Replication. We tested for robustness by running the same model,
absent control variables, and obtained the same pattern of results (see Table 1).
Another robustness check was to cluster our data differently, aggregating the data
from the 16th of the previous month to the 15th of the subsequent month and from
the 21st of the previous month to the 20th of the subsequent month. This replicated
the results reported here except for one case that previous explicit bias was not sig-
nificantly related to implicit bias in the following month when we aggregated the
month from the 15th of the previous month to the 15th of the subsequent month
and ran the model without control variables.

Overall, we consider results consistent, and provide evidence that our conclu-
sions were not driven by the arbitrary clustering of biases by month.

Model 2: Moderation by Gender Within STEM Fields (2007-2016)

We also examined whetther the cross-lagged relationship varied by gender
between those who are or were in the STEM field. With gender (contrast coded
as -1 = Male, 1 = Female) we found that when controlling for other demograph-
ics (age, educational attainment, political orientation) and science identity, gender
did not moderate the relationship between previous implicit bias and explicit bias,
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b=.29, SE = .31, 95% CI [-.31, .89], 5 = .03, p = .346, or previous explicit bias and
implicit bias, b = .002, SE = .02, 95% CI [-.03, .036], 3 = .08, p = .920. Interestingly,
the effect of previous implicit bias on the implicit bias in the subsequent month
differed by gender, b = .14, SE = .26, 95% CI [.003, .27], 3 = —.08, p = .046, suggesting
that implicit bias is less stable for men than women in STEM. Replicating the result
of Model 1A, previous monthly aggregated explicit bias had a significant main
effect on the monthly aggregated implicit bias, b = .04, SE = .02, 95% CI [.003, .07],
[3=.08, p = .035. Yet, unlike the result of Model 1A, previous monthly aggregated
implicit bias was not significantly associated with the monthly-aggregated explicit
bias in the following month, b = .29, SE = .26, 95% CI [-.21, .79], p = .07, p = .255.
When we ran the same model without control variables, we obtained results in the
same pattern, with one exception (see Supplementary Material).

GENDER-CAREER BIAS

Model 1B: Entire Sample (2007-2016)

Data from the gender-science models suggest that previous explicit bias causes
changes in future implicit bias. But given the complicated model, we would have
more confidence in the relationship to the extent it is observed in another similar
data set. To this end, we examined the gender-career data set for converging evi-
dence. Similar to the gender-science data, null models indicated the Rho = 0.81,
indicating a strong positive correlation across implicit bias and explicit bias in the
same month. We found similar patterns between the relationship between group-
level implicit and explicit bias as in the gender-science data set, such that there
were significant cross-lagged effects between group-level explicit bias in the previ-
ous month and group-level implicit bias in the following month, and the reverse
was also true. In addition, the results held regardless of whether control variables
were included in the model.

Robustness and Replication. We also conducted the same robustness check process
in the gender-career data set as we did in the gender-science data sets. Again, the
significant cross-lagged relationship between group-level explicit bias in the pre-
vious month and group-level implicit bias in the following month emerged, and
the group-level implicit bias in the previous month and group-level explicit bias
in the following month was not significant (see Supplementary Material). Across
the different studies and model specifications, the group-level explicit bias in the
previous month and group-level implicit bias in the following month relationship
appears far more robust than the reverse.

DISCUSSION

The current research provides us with a greater understanding of the temporal
and directional changes in group-level implicit and explicit gender bias. Across
two data sets regarding gender-science and gender-career relationships, we found
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a consistent cross-lagged relationship between the group-level explicit bias in the
previous month and the group-level implicit bias in the following month. This
relationship was robust to a number of different specifications of the samples and
demographics included. We also found some regular, but less consistent, evidence
of the reverse effect: Group-level implicit gender bias in a previous month is asso-
ciated with group-level explicit gender bias in the following month. While there
is some evidence for this relationship, it was more dependent on the sample and
model specifications. The findings are able to delineate the amplified shift in atti-
tude consensus in the past decade and, more importantly, provide insight into
how group-level explicit and implicit gender-science and gender-career attitude
changes unfold over time.

Our findings may have several underlying causes. The significant relationship
between the change in group-level explicit bias and group-level implicit bias is
consistent with a norm-based account of collective attitude change (Tankard &
Paluck, 2016). Social changes (e.g., social movements) could signal group-level
attitude change, which produces shifts in cultural norms and media change that
catalyze heated and widespread discussion on gender-science bias that goes along
with the shift in people’s attitudes (Sawyer & Gampa, 2023). And indeed, recent
work has found greater implicit-explicit correlations among biases receiving more
public attention (and thus sending stronger normative signals), such as sexuality
or race-based biases, relative to disability or weight-based biases (Calanchini et al.,
2022). Also, research has documented relatively immediate shifts in attitudes as a
result of major, societally impactful events such as the highly publicized murder
of George Floyd by police (Primbs et al., 2022) and same-sex marriage legisla-
tion passed in various states (Ofosu et al., 2019). Yet it is less clear what strong
and salient gender-related event might have happened in the times covered by
the present data (2007-2016) that signals strong public norms. Instead, we specu-
late that what might be happening here is a slow but consistent change in gender
attitudes in North America over time, driving the present effects. Future research
could work on identifying major shifts that may contribute to the decreased group-
level implicit and explicit gender bias between 2007 and 2016 and further explore
more types of biases and how social events affect the temporal relationship of
group-level explicit and implicit biases.

Another possible mechanism is that as implicit associations change (e.g., stron-
ger science-female association) in accordance with environmental stimuli (e.g.,
shift in gender ratio in the science field), people may reflect on their proposi-
tional reasoning of what they previously believed, which leads to changes in
their reported explicit bias (Gawronski & Bodenhausen, 2006). Future research
could capitalize on impending social changes by examining how individuals’
and groups’ implicit and explicit attitudes change associated with those changes
and investigating the likelihood of bidirectional influences between group-level
implicit and explicit bias. Future studies may investigate the impact of contex-
tual factors on the sequential change of group-level explicit bias and implicit
bias, for instance, taking advantage of the variation in the speed of increasing
women’s representation across different STEM subfields to explore how the
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rising visibility of women affects the temporal relationship of the group-level
explicit and implicit bias (National Science Foundation, 2013). In addition to
societal-level changes, future endeavors on bias reduction interventions in orga-
nizations may also investigate the potential of diminishing implicit bias by first
tackling explicit bias and fostering inclusive cultural change within the organi-
zation. This is advantageous because, whereas implicit bias has been known to
be difficult to change with interventions (Lai et al., 2014), explicit bias is thought
to be more malleable and subject to interventions than implicit bias, through
approaches such as educational strategies that promote increasing understand-
ing and appreciation of diverse groups (e.g., multicultural education programs),
and strong communications emphasizing the norm that prejudice is unaccept-
able (Dovidio et al., 2013).

LIMITATIONS

Although our theoretical model is predicated on directional relationships, because
of the observational nature of the data, we are cautious in interpreting the relation-
ships between previous-month explicit bias and subsequent-month implicit bias
and between previous-month implicit bias and subsequent-month explicit bias as
causal. The longitudinal nature of the data does ensure temporal precedence, pro-
viding much stronger evidence for causal claims. Yet, like any observational data,
unaccounted-for confounders or the “third variable problem” might have led to
these spurious relationships. Overall, the current study is consistent with the idea
of the potential reciprocal relationship between the change in group-level explicit
and implicit bias, but evidence from other approaches with different limitations is
necessary to buttress this conclusion.

Another limitation of this study is the nonrepresentative sample used. The sample
had more women, was younger, and was more liberal than the general population.
Also, the respondents self-selected to participate in the IAT tests. Because the sam-
ple is not representative of the general population nor random, the generalizabil-
ity of our conclusions is questionable, and we hope it will be addressed by future
research (although we note that previous research using Project Implicit data has
found similar results with representative samples; Ofosu et al., 2019). In addition,
the relative nature of IAT does not enable us to know if the weakening of the stereo-
typical association or the strengthening of the nonstereotypical association played a
dominant role in the change of group-level gender bias. Future work could use no-
relative measures (e.g., Implicit Relational Assessment Procedure [IRAP]; Farrell
& McHugh, 2017) or the high-validity single-category IAT (Axt et al., 2022) to fur-
ther disentangle the complexity of the group-level gender bias change. Finally, in
the gender-science data set, implicit and explicit bias were decreasing over time. If
group-level explicit and implicit biases were increasing or remain relatively stable,
would change in explicit bias still lead to change in implicit bias and vice versa?
Future research may work on replicating the findings in other IAT data sets that
have also been observed to have decreased group-level explicit and implicit bias in
the past years, such as the skin-tone IAT (Charlesworth & Banaji, 2019).
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CONCLUSION

The current research used a multivariate multilevel modeling approach to exam-
ine the relationship between group-level implicit and explicit bias change in the
gender-science and gender-career Project Implicit data sets. Evidence consis-
tently indicates that group-level explicit bias has a unique contribution in influ-
encing subsequent group-level implicit bias above and beyond the measurement
equivalence of group-level implicit bias across time. We also found some evi-
dence that the decrease in group-level explicit bias also depends on the tem-
poral level of group-level implicit bias at the previous occasion. These results
not only have theoretical implications for the association between group-level
implicit and explicit bias change but also introduce unique prospects for future
studies on the long-term reduction of group-level bias, including bias reduction

interventions.
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SUPPLEMENTARY MATERIAL

Gender-STEM bias (2007-2016)

Moderation by gender within STEM fields (2007-2016) without covariates

Unlike what is found in model 2 with control variables included, there was a significant cross-
lagged effect found between the group-level implicit bias in the previous month and the group-
level explicit bias in the following month, b = .61, SE = .26, 95% CI [.10, 1.13], = .11, p = .02.
All of the other paths replicated. The significant interaction effect of previous implicit bias on the
implicit bias in the subsequent month again differed by gender, b = .21, SE = .08, 95% CI [.06,
.36], B = .08, p =.007; when controlling for other demographics and science identity, gender did
not moderate the relationship between previous implicit bias and explicit bias, b = .42, SE = .32,
95% CI [-.22, 1.04], B = .05, p = .19, or previous explicit bias and implicit bias, b =-.02, SE =

.02, 95% CI [-.06, .01], B=-.10, p = .22, SE=.019, 95% CI [.01, .087], B = .09, p = .01.

Robustness Check aggregating the data from the 16th of the previous month to the 15th of

the subsequent month

With covariates

In order to perform a robustness check for our findings for Model 1A in the gender-STEM
dataset, we re-cluster our aggregation unit by “16th to 15th” (e.g., Jan. 16th to Feb. 15th is
considered as a cluster unit) instead of the calendar month, which is what we did in the main
analysis. We ran the same model and found the exact same pattern. The results suggested that

group-level implicit and explicit bias has high stability, such that the group-level implicit bias in



S2 Tang et al.

a month is related to the group-level implicit bias in the following month, b =.236, SE = .11,
95% CI [.13, .46], B = .05, p = .04; the group-level explicit bias in a month is related to the
group-level explicit bias in the following month, b = .43, SE = .12, 95% CI [.20, .66], p = .06, p
<.001. We also find a significant cross-lagged relationship between the group-level explicit bias
in the previous month and the group-level implicit bias in the following month, b = .06, SE = .02,
95% CI [.01,.11], B=.07, p=.01. As we find in the other models, we also found a significant
cross-lagged relationship between the group-level implicit bias in the previous month and the
group-level explicit bias in the following month, b = 1.38, SE = .51, 95% CI [.39, 2.38], B = .05,

p=.0l.

Without covariates

We ran the same model, absent control variable. Evidence showed that group-level implicit and
explicit bias has high stability, such that the group-level implicit bias in a month is related to the
group-level implicit bias in the following month, b =.67, SE = .11, 95% CI [.45, .88], p = .08, p
<.001; the group-level explicit bias in a month is related to the group-level explicit bias in the
following month, b = .41, SE = .12, 95% CI [.17, .64], B = .06, p <.001. We also find a
significant cross-lagged relationship between the group-level implicit bias in the previous month
and the group-level explicit bias in the following month, b = 1.81, SE = .52, 95% CI [.80, 2.83],
B=.06,p=<.001. Yet, unlike what we find in the other models, we did not find a significant
cross-lagged relationship between the group-level explicit bias in the previous month and the
group-level implicit bias in the following month, b =.04, SE = .03, 95% CI [-.01, 2.38], p = .07,

p=.14.
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Robustness Check aggregating the data from the 21st of the previous month to the 20th of

the subsequent month

With covariates

Additionally, we re-cluster our aggregation unit by “21st to 20th” (e.g., Jan. 21st to Feb. 20th is
considered as a cluster unit). We ran the same model and found the exact same pattern as what
we found in the main analysis. The results suggested that group-level implicit and explicit bias
has high stability, such that the group-level implicit bias in a month is related to the group-level
implicit bias in the following month, b = .48, SE = .11, 95% CI [.27, .70], B = .08, p <.001; the
group-level explicit bias in a month is related to the group-level explicit bias in the following
month, b = .43, SE = .12, 95% CI [.20, .66], B = .07, p <.001. We also find a significant cross-
lagged relationship between the group-level explicit bias in the previous month and the group-
level implicit bias in the following month, b = .07, SE = .03, 95% CI [.02, .12], B = .08, p <.001.
As we find in the other models, we also found a significant cross-lagged relationship between the
group-level implicit bias in the previous month and the group-level explicit bias in the following

month, b=1.75, SE = .52, 95% CI [.73, 2.75], B = .06, p < .001.

Without covariates

Again, we ran the same model in the “21st to 20th” aggregated dataset, absent control variable.
Evidence showed that group-level implicit and explicit bias has high stability, such that the
group-level implicit bias in a month is related to the group-level implicit bias in the following
month, b=.62, SE =.11, 95% CI [.41, .83], B = .09, p <.001; the group-level explicit bias in a
month is related to the group-level explicit bias in the following month, b = .41, SE = .12, 95%

CI[.18, .64], p=.06, p <.001. We find a significant cross-lagged relationship between the
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group-level explicit bias in the previous month and the group-level implicit bias in the following
month, b= 1.88, SE = .51, 95% CI [.88, 2.89], B =.07, p <.001. In addition, we also found a
significant cross-lagged relationship between the group-level implicit bias in the previous month
and the group-level explicit bias in the following month, b =1.88, SE = .51, 95% CI [.88, 2.89],

B=.07,p<.001.

Gender-Career bias (2007-2016)

Robustness Check aggregating the data from the 16th of the previous month to the 15th of

the subsequent month

With covariates

Just as what we did for the robustness check for our findings in the gender-science dataset, we
first re-clustered our aggregation unit by “16th to 15th” (e.g., Jan. 16th to Feb. 15th is considered
as a cluster unit). We ran the Model 1b and found the exact same pattern except for the
insignificance of the relationship between the group-level implicit bias in the previous month and
the group-level explicit bias in the following month, b =—-.17, SE = .62, 95% CI [-1.38, 1.04],
=—-.003, p =.78. As we consistently find in the U.S. gender-science dataset, the results suggested
that group-level implicit and explicit bias has high stability, such that the group-level implicit
bias in a month is related to the group-level implicit bias in the following month, b = .30, SE =
.10, 95% CI [.10, .51], B = .02, p = .004; the group-level explicit bias in a month is related to the
group-level explicit bias in the following month, b = .87, SE = .09, 95% CI [.70, 1.05], B=.12,p

<.001. We also find a significant cross-lagged relationship between the group-level explicit bias
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in the previous month and the group-level implicit bias in the following month, b = .06, SE = .02,

95% CI[.02, .10], p= .13, p=.002.

Without covariates

We ran the same model, absent control variable. Evidence showed that group-level implicit and
explicit bias has high stability, such that the group-level implicit bias in a month is related to the
group-level implicit bias in the following month, b =.35, SE = .11, 95% CI [.13, .58], p = .08, p
=.002; the group-level explicit bias in a month is related to the group-level explicit bias in the
following month, b = .88, SE = .09, 95% CI [.70, 1.05], B = .06, p <.001. We also find a
significant cross-lagged relationship between the group-level explicit bias in the previous month
and the group-level implicit bias in the following month, b = .06, SE = .09, 95% CI [.03, .09], B
=.06, p =.004. Also, identical to what we find when running the model the with the control
variables in the “16th to 15th” clustered gender-career dataset, we did not find a significant
cross-lagged relationship between the group-level explicit bias in the previous month and the
group-level implicit bias in the following month, b =—-.12, SE = .62, 95% CI [-1.35, 1.11], B =

.07, p=.85

Robustness Check aggregating the data from the 21st of the previous month to the 20th of

the subsequent month

With control variable

Additionally, we re-cluster our aggregation unit by “21st to 20th” (e.g., Jan. 21st to Feb. 20th is
considered as a cluster unit). The results suggested that group-level implicit and explicit bias has

high stability, such that the group-level implicit bias in a month is related to the group-level
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implicit bias in the following month, b = .37, SE = .08, 95% CI [.22, .52], B = .02, p <.001; the
group-level explicit bias in a month is related to the group-level explicit bias in the following
month, b= .84, SE =.19, 95% CI [.72, .95], B= .07, p <.001. We also find a significant cross-
lagged relationship between the group-level explicit bias in the previous month and the group-
level implicit bias in the following month, b = .05, SE = .01, 95% CI [.03, .06], B = .20, p <.001.
Yet, we did not find a significant cross-lagged relationship between the group-level implicit bias
in the previous month and the group-level explicit bias in the following month, b =.53, SE = .55,

95% CI [-.55, 1.59], B = .01, p = .34.
Without control variable

Again, we ran the same model in the “21st to 20th” aggregated dataset, absent control variable.
Evidence showed that group-level implicit and explicit bias has high stability, such that the
group-level implicit bias in a month is related to the group-level implicit bias in the following
month, b= .61, SE = .08, 95% CI [ .45, .78], B = .03, p <.001; the group-level explicit bias in a
month is related to the group-level explicit bias in the following month, b = .81, SE = .06, 95%
CI[.70,.93], B=.19, p <.001. We find a significant cross-lagged relationship between the
group-level explicit bias in the previous month and the group-level implicit bias in the following
month, b =.02, SE =.01, 95% CI [.01, .04], B=.18, p =.01. We did not find a significant cross-
lagged relationship between the group-level implicit bias in the previous month and the group-
level explicit bias in the following month, b = .77, SE = .55, 95% CI[-.31, 1.85],=.02,p =

.16.



