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Abstract 
 
Using 7.1+ million implicit and explicit attitude tests towards six social groups, we examine 

long-term trends over 14 years (2007-2020). Despite tumultuous sociopolitical events, attitude 

trends from 2017-2020 persisted largely as forecasted from past data (2007-2016). Since 2007, 

all six self-reported, explicit attitudes decreased in bias between 22% (age attitudes) and 98% 

(race attitudes). Implicit sexuality, race, and skin-tone attitudes continued to decrease in bias, 

decreasing by 65%, 26% and 25%, respectively, since 2007. Implicit age, disability, and body 

weight attitudes, however, continued to show little to no long-term change. Patterns of attitude 

change and stability were generally consistent across demographic groups, indicating macro-

level societal change. Ultimately, the data magnified the evidence that (some) implicit attitudes 

reveal persistent, long-term change toward neutrality. Newly, the data also reveal the potential 

for short-term influence from sociopolitical events that temporarily disrupt progress to neutral, 

although attitudes eventually return to long-term homeostasis in trends. 

 Keywords: Implicit attitude change, explicit attitude change, Implicit Association Test 

(IAT), long-term change, timeseries analysis (ARIMA) 
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Statement of Relevance 
 
The years 2016-2020 brought a whirlwind of social transformations, from unpredicted elections 

to widespread social movements. In the face of such events, did long-term trends of societal-

level implicit and explicit attitudes continue along their forecasted path, or did they alter course? 

Using ARIMA models with continuously-collected data of 7.1+ million implicit and explicit 

attitudes (2007-2020), we find that recent attitude data (2017-2020) predictably followed past 

trends (2007-2016). Over 14 years, all explicit attitudes, as well as implicit race, skin-tone, and 

sexuality attitudes decreased in bias, whereas implicit age, disability, and body weight attitudes 

remained mostly stable. Nevertheless, some implicit attitudes revealed temporary increases in 

bias around 2015-2017, possibly in line with social changes (e.g., Trump’s campaign). The 

nuanced patterns of fast, moderate, and little change across attitudes yield a new understanding 

of societal implicit attitudes as capable of both responding to temporary shocks and maintaining 

persistence in long-term trends.  
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Patterns of Implicit and Explicit Attitudes IV. Change and stability from 2007-2020 
 

 

The four-year period from 2016-2020 encapsulated unpredicted and tumultuous events in 

the United States, from the election of Donald Trump and the rise of White supremacy groups to 

the emergence and growth of progressive movements for social justice. In the face of such 

shocks to the sociopolitical landscape, we examine how societal-level collective attitudes have 

persisted or responded to change: did social group attitudes – both explicit and implicit – 

continue along their predicted paths from the past? Or did they alter course, and if so, for how 

long?  

Previously, Charlesworth and Banaji (2019) reported that, over 10 years (2007-2016), six 

explicit attitudes (race, skin-tone, sexuality, age, disability, and body weight), as well as implicit 

sexuality, race, and skin-tone attitudes, had decreased in bias and were forecasted to continue 

decreasing toward neutrality. On the other hand, implicit age, disability, and body weight 

attitudes had been largely stable and forecasted to remain so. These data covered the period of 

2007-2016 and, during the following four years (2017-2020), there has been much anticipation 

about the new state of social group attitudes in the U.S. 

Here, capitalizing on the continuous online collection of explicit and implicit attitudes 

through Project Implicit, we bring an additional sample of 3.4+ million tests from 2017-2020 to 

test whether attitude trends persisted or altered course. Although the data have limitations (e.g., 

sample representativeness, see discussion below), they nevertheless present the first large-scale 

attitude data collected at high temporal granularity across a 14-year period that includes a 

particularly tumultuous period in U.S. history. The data thus facilitate both confirmatory tests of 
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past forecasts, as well as exploratory investigations of any unexpected deviations in trends during 

2017-2020. 

Attitude trends may alter course 

An observer of the years 2017-2020 might reasonably expect that attitude trends of the past 

will have substantively altered following the many sociopolitical changes of this time. For one, 

widespread reversals in trends (i.e., backsliding from past progress towards attitude neutrality) 

could be expected in response to the endorsement, election, and/or presidency of Donald Trump, 

whose presidential communications deviated from the past in containing uncivil and even 

insulting comments towards specific social groups (Dimock, 2021). Could such public displays 

of explicitly-stated prejudice have emboldened others to explicitly express similarly hostile 

attitudes (e.g., Newman et al., 2020)? Additionally, could the repetition and amplification of 

these negative comments through news and social media have generated more negative implicit 

attitudes (Gawronski & Bodenhausen, 2006), even among people who might not endorse explicit 

bias? 

At the same time, and perhaps in response, this period (2017-2020) also witnessed the growth 

of progressive social movements such as #metoo and Black Lives Matter (BLM), prompting 

national conversations about implicit and explicit biases towards a broad range of group 

identities. Could increased awareness of these issues, however contentious, have accelerated 

change, with bias decreasing to neutral, possibly at even faster rates than before? Indeed, recent 

polls have documented widespread, rapid approval of BLM in mid-2020 (Cohn & Quealy, 2020), 

and particularly notable decreases in explicit racial bias since 2016 (Hopkins & Washington, 

2020); perhaps such decreases may have extended to other topics beyond race. 
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Finally, it is possible that attitude trends in 2017-2020 altered course within some 

demographic groups but not others (i.e., conservative respondents, most attuned to the words and 

actions of Trump and his supporters, may show unique increases). Previously, we found that 

demographic differences were surprisingly absent for most attitude trends, with parallel change 

observed across respondent gender, race/ethnicity, religion, and education (Charlesworth & 

Banaji, 2021). However, in moments of sociopolitical upheaval, group differences are often 

magnified, especially across the political spectrum (Pew Research Center, 2017). Thus, with a 

larger timespan of data, over a more tumultuous period, attitude trends may reveal new 

demographic divides in their rate or even direction of change.  

Persistence of attitude trends over the long-term 

Despite the intuition that social group attitudes will alter course following sociopolitical 

events, social scientists have often shown that, perhaps surprisingly, attitudes rarely experience 

sharp rises, falls, or reversals in trends, even in the face of significant events (Marsden et al., 

2020; Page & Shapiro, 1992; Stimson, 2015). For instance, reviewing over 100 explicit opinions 

from the General Social Survey, approximately 75% of trends either remained stable or shifted at 

a slow, predictable pace (Smith, 1994). In the current data, we may expect similar patterns of 

such attitude homeostasis, whereby societal attitudes maintain predictable trends over the long-

term. Homeostasis may be especially apparent for implicit attitudes, long thought to be slow to 

change (Bargh, 1999). Indeed, implicit attitudes have previously revealed no impacts from 

events as significant as the election and presidency of Barack Obama (Schmidt & Axt, 2016; 

Schmidt & Nosek, 2010).  

Alternatively, a more nuanced pattern of both long-run persistence and temporary disruption 

following events could emerge in the current data, which was collected at a much higher 
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temporal granularity than any previous investigation over this period. After all, a major 

contribution of social psychological theory has been the demonstration of short-term malleability 

or “context effects” on attitudes (e.g, Blair, 2002; Schwarz, 2007). Recent widespread societal 

events could act as large-scale context effects, prompting temporary alterations in trends that 

disappear as the events fade from public memory. Again, this pattern of temporary impact may 

be more notable on implicit attitudes, which have been theorized to be more attuned to the 

temporarily accessible associations in the environment (Fazio & Olson, 2003; Payne et al., 

2017). This paper newly tests and explores such possibilities of the persistence of trends or 

responsiveness to sociopolitical change for implicit and explicit attitudes towards multiple social 

groups over a turbulent period in recent U.S. history. 

Method 

Data analyses were preregistered at https://aspredicted.org/mh958.pdf. Any deviations 

from the preregistration plan are noted below and summarized in the supplemental materials 

(SM). All data and analysis scripts are provided at the project’s OSF page: https://osf.io/qywh4/. 

Below, we review the data source, sample characteristics, collected measures (e.g., IAT), and the 

analytic strategy of the primary change analyses. Additional analytic details are reported in 

Results, as necessary. 

Data Source 

Data were retrieved from the Project Implicit demonstration website 

(https://implicit.harvard.edu/), from open data archived at the Open Science Framework 

https://osf.io/px8h3/. Respondents came to the website as volunteers from diverse sources (e.g., 

assignments from work or school, link in news article, word of mouth), completed informed 

consent and selected either the Sexuality, Race, Skin-tone, Age, Disability, or Body Weight 
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Implicit Association Test (IAT) from among the available tests. Data over all 14 years began 

January 1, 2007 and ended December 31, 2020 – the additional data reported in this paper spans 

from January 1, 2017 to December 31, 2020, and was merged with past data reported by 

Charlesworth and Banaji (2019) for the period January 1, 2007 to December 31, 2016. For all 

data, participants were excluded if their IAT D scores fell outside of the conditions in the revised 

scoring algorithm (Greenwald et al., 2003). We also excluded participants from outside the 

United States, as well as any participants without complete explicit measures or demographic 

information on age, gender, race, political ideology, and education. Within the 2017-2020 data, 

these additional demographic restrictions retained an average of 77% of complete U.S. sessions 

across tests (SM provides test-specific retentions).  

Sample Demographics 

Across all attitudes, the sample from 2017-2020 consisted of approximately 3.4 million 

completed tests from U.S. respondents, with the full combined sample of continuous data from 

2007-2020 now totaling over 7.1 million tests. Table 1 reports the sample demographics for data 

combined across 2007-2020. Overall, the sample was majority female, White, college-educated, 

and liberal. Additionally, for comparison, Tables S3.1 and S3.2 in the SM provide sample 

demographics separated across previous data of 2004-2016 (the full data previously reported in 

Charlesworth & Banaji, 2019) and 2017-2020. Sample demographics were generally similar 

across both sets of data (e.g., both samples were overall approximately 66% female, 72% White, 

9-10% Black, and 5-6% Asian). However, as we report in the SM, over time the sample also 

became slightly less educated (previous sample had 86% with a college degree or more, while 

the most recent sample was 79%), less politically conservative (from 26% to 21%), less 

politically neutral (28% to 25%) and more liberal (46% to 53%). Crucially, we control for such 
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changes through raking and weighting approaches (described below) that adjust attitude 

estimates so that demographic compositions are consistent over time. 

Table 1 
Sample Demographics Across All Attitudes in 2007-2020 Data 

Attitude N Mean 
Age 

SD 
Age 

% 
Female 

% 
Male 

% 
White 

% 
Black 

% 
Asian 

% > 
College 

% 
Liberal 

% 
Neutral 

% 
Conservative 

Age 851,955 28.41 13.10 69.23 30.28 74.04 8.42 5.89 87.48 37.70 36.65 25.65 
Disability 366,889 29.91 12.93 73.59 25.34 77.73 7.32 4.72 89.57 46.06 30.41 23.53 
Skin-tone 803,532 29.55 12.64 69.80 29.39 62.41 16.17 5.76 88.29 50.93 29.76 19.30 

Race 2,962,461 29.67 13.35 62.47 36.78 71.21 11.24 5.37 78.89 50.23 28.04 21.73 
Sexuality 1,128,350 26.78 11.92 66.09 32.15 73.83 8.57 5.22 87.19 53.36 27.81 18.83 
Weight 999,710 27.92 12.15 71.86 27.59 75.78 6.99 5.64 78.87 46.18 27.27 26.56 

Total 7,112,897 28.81 12.88 66.57 32.55 71.95 10.23 5.46 82.84 48.52 29.24 22.23 

Note. See Tables S3.1 and S3.2 in the supplemental materials for sample demographics across separated data sets 
(2007-2016 versus 2017-2020) ; sample demographic representations were generally consistent over time. 
 
 
Materials 

Implicit Association Test. The IAT is a computerized task comparing reaction times to 

categorize social groups (e.g., thin vs. fat) and attributes (good vs. bad). For all tests, respondents 

categorized target stimuli (e.g., images of fat/thin body silhouettes, good words like “joyful” and 

“friend”, and bad words like “evil” and “poison”), into four categories (e.g., fat, thin, good, bad). 

Average response latencies were compared across two critical blocks in which groups and 

attributes were sorted to the same computer key. For example, in the Body Weight IAT, response 

latencies were compared across blocks in which (1) thin + good are sorted with the “E” key and 

fat + bad are sorted with the “I” key, versus (2) thin + bad are sorted with the “E” key and fat + 

good are sorted with the “I” key. The assumption is that faster responses in these paired blocks 

reflect a stronger association between the group and evaluative attribute (e.g., thin-good/fat-bad). 

In all tests, positive IAT D scores indicate a relative positive association towards the typically-

preferred group (i.e., young, White, light-skinned, abled, straight, thin). All IATs used a standard 

7-block format, with the order of the two paired blocks randomized across respondents.  



PATTERNS OF ATTITUDE CHANGE 10 

Issues concerning the test-retest reliability and predictive validity of implicit measures 

continue to be debated (for discussions see Gawronski, 2019; Jost, 2019). Here, we note that 

these concerns are generally raised in the context of the stability and predictive validity of 

individual attitudes and are less applicable to aggregated IAT scores taken as an indicator of 

collective attitudes (Payne et al., 2017). That is, aggregating measures of implicit attitudes to 

provide population estimates – as we do in the current paper – advantageously reduces 

measurement error and addresses many of the common psychometric questions concerning the 

IAT, including both the magnitude of attitude-behavior correlations, and test-retest stability. 

Explicit preference. Explicit attitudes were assessed on a seven-point Likert scale 

ranging from –3 to +3, with positive scores indicating the typical preferences in society (e.g., a 

score of +3 indicates “I strongly prefer thin people to fat people”, a score of +2 indicates 

“moderately prefer…” and a score of +1 indicates “slightly prefer…”), and negative scores 

indicating atypical preferences in society (e.g., “I strongly/moderately/slightly prefer fat people 

to thin people”). The midpoint (zero) represents equal liking of both groups (i.e., no self-reported 

preference between the groups). 

Analytic Strategy: Primary Analyses of Change Over Time 

Autoregressive Integrated Moving Average models. Charlesworth and Banaji (2019) 

used Autoregressive Integrated Moving Average (ARIMA) timeseries models (Cryer & Chan, 

2008) to model long-term attitude data because ARIMAs are designed to model the unique 

features of timeseries data (i.e., autocorrelations, seasonality, and forecasts). Specifically, 

ARIMAs explicitly account for temporal autocorrelations (i.e., model the fact that a measure at 

time t is dependent on, and correlated with, a measure at time t-1). ARIMAs also capture non-

linearity and seasonality in attitude trends, thereby offering a more fine-grained understanding of 
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the underlying profiles of attitude change. Finally, and most relevant for the current paper, 

ARIMAs can offer forecasts of future patterns of change, inferred from underlying patterns in 

past data (e.g., the patterns of trend, autocorrelations, seasonality). Such forecasts provide an 

opportunity to quantitatively test whether long-term attitude trends either persist predictably over 

time (and remain within the boundaries set by forecasts) or reveal altered trends in response to 

new social “shocks” unforeseen by forecasts (and thus move off from the forecasted trends).  

In this project, ARIMA models are fit to the aggregated monthly timeseries for each of 

the six attitudes using an automated forecasting algorithm implemented through the auto.arima 

function in the forecast package in R (Hyndman & Khandakar, 2008). Models are specified with: 

(1) an “autoregressive” (p) parameter, which specifies the number (order) of autoregressive (AR) 

terms to explain the autocorrelation structure in the timeseries (e.g., the dependencies between 

successive time points); (2) the “differencing” (d) parameter, which specifies the number of 

differencing parameters to explain the differences in magnitude between consecutive time points 

and render the timeseries flat or stationary; and (3) the “moving average” (q) parameter, which 

specifies the number of moving average (MA) parameters used to explain the lagged errors or 

random shocks in the series. These three parameters are applied to both the general trend of the 

series as well as to the seasonal component of the series. Finally, in some instances where the 

timeseries trend is clearly linear, the best-fitting ARIMA model may also specify a “drift” 

parameter (essentially a slope parameter). Thus, in the end, any ARIMA model can have the 

structure (p,d,q)(p,d,q) + drift, with the first three values specifying the order of non-seasonal 

parameters, the second three values specifying the order of seasonal parameters, and the drift 

parameter specifying any slope.  
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When interpreting ARIMA parameters, the order of the d parameter is informative in 

revealing whether the timeseries is already stable (when d = 0) or is changing over time (when d 

is non-zero). Here we infer that an attitude trend is stable when the ARIMA model includes no 

differencing parameter (as this indicates the trend is already flat), and when the ARIMA model 

forecasts indicate that they will not touch neutrality in more than 200 years, should past trends 

continue (as this indicates high confidence in the stability going forward). The order of AR and 

MA parameters are generally not intuitively interpretable on their own. Instead, the parameters 

can simply be understood as capturing the underlying structure of the timeseries (e.g., whether 

the underlying structure includes seasonal components or not) used to generate forecasts.  

Comparing 2017-2020 trends to ARIMA forecasts. Using ARIMA models, 

Charlesworth and Banaji (2019) generated forecasts based on attitude trends from 2007-2016 to 

predict the mean future trends, should the same underlying timeseries structure continue. 

Confidence intervals for the forecasts were also calculated (using the auto.arima function) by (1) 

computing the standard deviation of the forecast distribution (a transformation of the ARIMA 

model’s fitted residuals) and then (2) multiplying that standard deviation by the z-score values 

for a given confidence interval (specifically by 1.96 for a 95% confidence interval, and by 1.28 

for an 80% confidence interval, as is standard for the z-score distribution). As preregistered, we 

tested the accuracy of these past forecasts using a set of four commonly-used accuracy statistics 

(Hyndman & Athanasopoulos, 2013): the Mean Absolute Error (MAE), Root Mean Squared 

Error (RMSE), Mean Absolute Scaled Error (MASE) and Mean Absolute Percentage Error 

(MAPE). The computation and interpretation of each statistic is defined briefly below, and 

elaborated in the SM. 
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Briefly, the MAE gives the average absolute amount (in raw score units) that the 

observed values differ from the mean forecast values, with lower MAE indicating better 

forecasts. The RMSE, although commonly used for assessing model accuracy, is not as 

intuitively interpretable but can be similarly understood as smaller values indicating greater 

accuracy. The MASE is the recommended approach for assessing forecast accuracy and can be 

conveniently interpreted such that values > 1 indicate that a naïve forecast (i.e., estimating that 

future data will persist at the last value observed) would be better than the forecast generated by 

the ARIMA model. In contrast, MASE values < 1 indicate that the forecasts from the ARIMA 

models are better than the naïve forecast. Finally, the MAPE gives the average percent that the 

forecast was deviated from observed values and is scale-invariant. However, the MAPE has been 

criticized because it cannot be accurately estimated if any observed value is zero, and over-

penalizes negative errors; as such, we compute the MAPE (as preregistered) but report the results 

only in the SM.  

Robustness analyses. Addressing sample change. To control for confounds of sample 

change over time the data were adjusted using raking and weighting with the anesrake package 

in R (Pasek, 2015). We describe these raking and weighting approaches in detail in the SM. 

Briefly, we first computed the “target weights” of sample demographics across all time (from 

2007-2020) on the proportions of gender (female, male), race (White, American Indian, Asian, 

Black, Biracial, Multiracial, Other), education (less than high school, high school graduate, 

college graduate, graduate school, professional degree, advanced degree), age (<24, 25-34, 35-

44, 45-54, 55+), and politics (liberal, neutral, conservative; collapsed from a 7-point Likert scale 

of strongly conservative to strongly liberal). Next, we re-weighted the individual data in each 

year to create the same demographic compositions over time for all 14 years. 
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For illustration, suppose the representation of liberals in a given dataset across all time 

(2007-2020) was approximately 60% (the target weight), but in 2007 it was 65% and in 2020 it 

was 55%. Because, relative to the whole sample across time, liberals were overrepresented in 

2007 and underrepresented in 2020, we would re-weight the data such that liberals in 2007 had a 

weight less than 1 (decreasing their contribution in that year), while liberals in 2020 had a weight 

greater than 1 (increasing their contribution in that year). By applying this logic across the 

intersection of gender, age, race, education, and politics, we are essentially equating the 

demographic composition of the sample across all time. Similar approaches are routinely used in 

public polling (such as the General Social Survey) to reweight data in accordance with a given 

target demographic composition. 

Addressing alternative weighting, repeat test-takers, and sample sources. We also 

ensured that these trends were generally consistent across various analytic decisions. First, we 

ensured robustness to our decisions around the weighting approach by recomputing analyses 

across unweighted and weighted data. Indeed, we found that the general conclusions were 

equivalent across both unweighted and weighted data (see SM).  

Second, we ensured robustness across both novice and repeat IAT test-takers. That is, a 

common concern is that some respondents come back to take the IAT for a second time (or 

more) which may reduce the IAT scores through practice effects and result in “regression to the 

mean” artificially showing decreases over time. In contrast to this potential critique, we found 

that similar trends were observed in novice test takers alone (see SM) who reported never having 

visited Project Implicit or taken an IAT before. This consistency across the overall sample and 

novice test takers lends confidence that the reported results were not merely due to repeat test-

takers. 
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Third, we ensured robustness across participants coming to the website through different 

sources, whether from (a) assignments (e.g., assignment for school or work; approximately 76% 

of the sample) or (b) self-directed searches and word-of-mouth (e.g., clicking on a link in a news 

article; approximately 6% of the sample, with the remaining 18% of the sample reported coming 

from “other” sources). Intuitively, the latter group of self-directed participants might be more 

motivated to change and have lower overall biases to begin with because they are intrinsically 

interested in the website and addressing implicit bias. The group of assigned participants may, in 

contrast, have more test hesitation or skepticism, be less motivated to change and have higher 

overall biases to begin with. If there are such differences across sample sources in either the 

overall magnitude of bias or the rate of attitude change, then it is crucial to examine any changes 

in the relative proportions of these two sources of participants (e.g., with more self-directed 

participants in later years relative to earlier years) to ensure that observed attitude trends are not 

due to this specific type of non-demographic sample change.  

Eliminating both concerns around the impact of sample sources we found that: (1) 

patterns of change and, for the most part, overall magnitudes of bias, were similar across both 

sources of participants (assigned to participate or self-directed); and (2) there has been little 

meaningful change in the relative proportions of participants coming from assignments or self-

directed sources across 2017-2020 (see SM). Thus, it is unlikely that the observed trends are 

artifacts of the self-selected participants alone or differences in the proportion of self-selected 

participants across time. 

Results 

Below, we summarize results in five sections. First, we report the means and correlations 

collapsing across all time in the overall data of 14 years (2007-2020). Second, we turn to the 
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primary questions of change, reporting overall trends of change over all 14 years (2007-2020) 

using ARIMA models, as well as an exploratory analysis of the relationship between implicit and 

explicit attitude trends. We report trends across all available data, rather than only a small 

portion of years (e.g., only recent years), to give the most complete understanding of 

contemporary long-term attitude change and stability. Additionally, including earlier data (from 

2007-2016) is necessary to demonstrate the accuracy of the ARIMA method, as we can directly 

compare forecasts generated from past data (2007-2016) to the observed trends from 2017-2020.  

In the third section we investigate demographic differences and similarities in the overall 

trends (2007-2020), including a discussion of both the elimination and emergence of differences 

since 2017. In the fourth section, after observing striking patterns of temporary increases in some 

implicit attitudes, we provide post-hoc, exploratory analyses using segmented regressions to 

identify the timing, magnitude, and duration of such increases. Here, we also provide a 

speculative exploration of explanations for the uptick in implicit race attitudes using difference-

in-differences analyses across participant political orientation and geography. In the fifth and 

final section, we close with a high-level summary of the key results. 

Section One: Implicit and Explicit Attitude Means and Correlations  

Averaging across all available data from 2007-2020, explicit and implicit attitudes were 

significant in the expected, positive direction for all topics (i.e., pro-straight/anti-gay, pro-

White/anti-Black, pro-light skin/anti-dark skin, pro-young/anti-old, pro-abled/anti-disabled, and 

pro-thin/anti-fat; Table 2). The strongest implicit and explicit biases were observed for disability, 

body weight, and age attitudes, with robust but relatively weaker implicit biases observed for 

race, skin-tone, and sexuality attitudes. Significant positive correlations, ranging in magnitude 

from small to medium effects, were observed between implicit and explicit attitudes for all six 
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topics. The strongest (medium-sized) correlations were observed for sexuality and race attitudes 

and the weakest (small) correlations for disability and age attitudes.  

Table 2. 
Means and Correlations of Six Implicit and Explicit Social Group Attitudes (2007-2020) 

 Implicit  Explicit  Implicit-Explicit 
Attitude Mean SD 95% CI d  Mean SD 95% CI d  r 95% CI 
Sexuality 0.22 0.50 0.21,0.22 0.43  0.36 1.24 0.36,0.36 0.29  0.44 0.44,0.45 

Race 0.29 0.44 0.29,0.29 0.65  0.17 1.03 0.17,0.17 0.17  0.31 0.31,0.31 
Skin-tone 0.29 0.43 0.29,0.30 0.69  0.18 0.92 0.18,0.19 0.20  0.23 0.22,0.23 

Age 0.43 0.39 0.43,0.43 1.11  0.41 1.17 0.41,0.41 0.35  0.12 0.12,0.12 
Disability 0.51 0.45 0.51,0.51 1.13  0.40 0.90 0.39,0.40 0.44  0.14 0.14,0.15 
Weight 0.48 0.41 0.48,0.48 1.18  0.79 1.06 0.79,0.79 0.75  0.21 0.20,0.21 

Note: All means and correlations significantly different from zero, p < .001 
 
Section Two: Overall Trends (2007-2020) and Accuracy of Past Forecasts  
 

Sexuality attitudes. Among all implicit attitudes, the fastest and most consistent change 

from 2007-2020 was observed in implicit sexuality attitudes, which decreased in implicit anti-

gay/pro-straight bias by 65% (Table 3). ARIMA forecasts project that implicit sexuality attitudes 

could reach neutrality as early as mid-2022, should past trends continue (Figure 1; see SM for 

full report of ARIMA forecasts). Similarly, explicit sexuality attitudes have decreased in bias by 

a comparable 75% over the past 14 years and are forecasted to touch explicit attitude neutrality 

as early as mid-2021, if the trends persist. 

The consistency of sexuality attitude change is also revealed when examining only recent 

years: for 2017-2020, both implicit and explicit sexuality attitudes decreased in bias at rapid rates 

(27% and 41%, respectively, over four years) that even outpaced the mean forecasted change 

based on previous ARIMA models (Table 4). This particularly rapid change meant that implicit 

sexuality attitudes had the lowest accuracy of any attitude (i.e., the largest MAE and RMSE 

results, and a MASE result that indicated the ARIMA forecasts were not better than a naïve 

forecast; Table 4). Further inspection showed that the months that fell outside the confidence 
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intervals (and thus the months driving the low accuracy) fell below the lower bounds, thus 

indicating that recent change was relatively faster than would be expected from past trends. 

a 

 
b 
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Figure 1. Implicit (a) and explicit (b) attitude trends and forecasts from 2007-2020. Vertical 
dashed gray line indicates the onset of 2017-2020 data. The overlayed thick dark blue lines 
indicate the decomposed trend (removing seasonality and noise) for the raw observed data (thin 
light blue lines). Dark shaded areas indicate 80% forecast confidence interval (CI), light shaded 
areas indicate 95% forecast CI. Implicit body weight attitudes included two tests (differentiated 
by stimuli), with the early test (using stimuli of faces) plotted in a dashed line and the later test 
(using stimuli of silhouettes) plotted in a solid line. 
 

Race and skin-tone attitudes. Since 2007, implicit race and skin-tone attitudes have 

decreased in bias by 26% and 25%, respectively (Table 3; Figure 1), notably less than half the 

percent change observed in sexuality attitudes. The lower bounds of the ARIMA forecasts 

suggest that these attitudes could first touch neutrality in approximately 15 years (implicit race 

attitudes) and 20 years (implicit skin-tone attitudes; SM), assuming past trends continued as 

before.  

The transformation of explicit race and skin-tone attitudes is much greater than for 

implicit attitudes: since 2007, explicit race and skin-tone attitudes have dropped in bias by 98% 

and 79%, respectively (Table 3). In fact, by the end of 2020, the mean of explicit race attitudes 

had passed neutrality in the full sample, meaning that, today, large numbers of Americans 

express no preference for White/light-skinned over Black/dark-skinned groups. Indeed, most 

demographic subgroups showed this reduction in prejudice, and even the furthest groups from 

expressing neutral attitudes (e.g., White Americans, conservatives) were forecasted to touch 

neutrality within the next few years, should past trends continue (see demographic difference 

results below). Only future analyses will tell us whether these explicit attitudes now asymptote at 

a neutral attitude (zero bias) or whether there is a possibility of the population expressing Black-

favoring explicit attitudes in the future. Ultimately, we note that this arrival at explicit race 

neutrality is an important milestone in measuring race prejudice: it is the first moment a large 

sample has shown zero explicit bias ever since surveys of race attitudes began in the early years 

of the 20th century (see Banaji & Greenwald, 2013, Appendix 2).  
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Turning to just the 2017-2020 trends we find that, like sexuality attitudes, implicit and 

explicit race and skin-tone attitude change outpaced the mean forecasted trends from past 

ARIMA models, but nevertheless largely remained within the forecast confidence intervals 

(Table 4). Indeed, results from RMSE and MAE indicated good forecast accuracy with relatively 

low error, although the MASE indicated forecasts were not better than a naïve forecast because 

of the underestimation in the observed rate of change. This more rapid change is particularly 

notable in mid-to-late 2020 when implicit race attitudes consistently fell below the lower limit of 

the forecasted 80% confidence interval (CI) for June-December 2020, and implicit skin-tone 

attitudes fell below the forecasted 80% CI limit for 9 out of the 12 months of 2020. Interestingly, 

this moment of faster change coincides with the growth of the Black Lives Matter movement in 

summer 2020 (Cohn & Quealy, 2020). Although the recency of these drops make it difficult to 

model the possible impact of events, such findings nevertheless appear in line with work arguing 

that earlier BLM protests coincide with decreases in implicit race bias (Sawyer & Gampa, 2017).  

Table 3. 
Overall Patterns of Change Across All Data (2007 – 2020) and future ARIMA Forecasts 

Attitude Start End %∆ Raw ∆ ARIMA Forecast Lower 95% CI Forecast Mean Forecast Upper 
95% CI 

 Implicit Attitudes 
Sexuality 0.33 0.12 -65 0.22 (0,1,2)(2,0,0)+drift 1 yr 6 mos (n) 6 yrs 9 mos (n) 26 yrs 6 mos (n) 

Race 0.33 0.24 -26 0.09 (1,1,1)(2,0,0) 15 yrs (n) >200 yrs 70 yrs 8 mos (d) 
Skin-tone 0.33 0.24 -25 0.08 (0,1,1)+drift 20 yrs 9 mos (n) 41 yrs 4 mos (n) 81 yrs 6 mos (n) 

Age 0.45 0.41 -8 0.04 (1,1,1)(1,0,1) >200 yrs >200 yrs >200 yrs 
Disability 0.50 0.49 -2 0.01 (1,0,1) >200 yrs >200 yrs >200 yrs 

Body Weight 0.47a 0.47 -1 0.01 (1,0,0)(1,0,2) >200 yrs >200 yrs >200 yrs 
 Explicit Attitudes 

Sexuality 0.68 0.17 -75 0.51 (1,1,1)(2,0,0) 6 mos (n) >200 yrs 68 yrs 10 mos (d) 
Race 0.32 0.01 -98 0.31 (1,1,2)(1,0,1)+drift Already neutral Already neutral 4 yrs 2 mos (n) 

Skin-tone 0.27 0.06 -79 0.21 (0,1,1)(1,0,1) Already neutral 2 yrs 11 mos (n) 30 yrs 5 mos (d) 
Age 0.52 0.40 -22 0.11 (0,1,1)(0,1,2) 3 yrs 7 mos (n) 27 yrs 7 mos (n) 12 yrs 4 mos (d) 

Disability 0.54 0.34 -37 0.20 (0,1,1)+drift 16 yrs 5 mos (n) 21 yrs 6 mos (n) 26 yrs 9 mos (n) 
Body Weight 0.96 0.67 -31 0.30 (0,1,2)(2,0,0)+drift 11 yrs 3 mos (n) 26 yrs 6 mos (n) 64 yrs (n) 

Note. Start and end values, as well as percent change (%∆) and raw change (∆), are calculated from the start and end 
points of the decomposed trend line (removing seasonality and noise). Using these decomposed trend values rather 
than raw monthly estimates ensures that results from an outlier month (unusually high or low in bias) does not 
disproportionately affect the reported change. The first three parameters of the autoregressive-integrated-moving-
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average (ARIMA) model are nonseasonal, the second three values are seasonal, and, in some cases, a drift parameter 
(slope) is included. In each set of parameters, p specifies the number of autoregressive parameters used to explain 
the autocorrelations in the data, d specifies the number of differencing parameters necessary to make the series 
stationary, and q specifies the number of moving-average parameters used to explain the lagged forecast errors. 
Forecasts indicate the number of years and months it could take to reach attitude neutrality (n) or to double in 
magnitude (d) from January 2021, if past trends were to continue. a The IAT stimuli for implicit body weight 
attitudes changed in April 2010 from face images to body silhouettes; to facilitate inferences, the current data are 
reported only for the continuous test (the body silhouette stimuli), starting in April 2010. The start value, % change, 
and raw change values for the implicit Body Weight results reflect the later start date.  
 

Age attitudes. In contrast to the three consistently changing attitudes (sexuality, race, 

and skin-tone), implicit age attitudes have shown relative stability over the past 14 years (2007-

2020), decreasing in anti-old/pro-young bias by 8% (Table 3). Although an 8% change for 

implicit age attitudes is greater than what was reported over the ten years of 2007-2016 (in 

Charlesworth & Banaji, 2019), the change nevertheless remains sufficiently slow that ARIMA 

confidence intervals indicate we cannot expect attitude neutrality even within the next 200 years, 

should past trends continue. Indeed, looking at only the 2017-2020 trends, we see evidence for 

such continued stability, as implicit age attitudes decreased by less than 1% over the four years 

of 2017-2020 (Table 4). 

Explicit age attitudes have, over all time (2007-2020), decreased in bias by 22%, the 

slowest change of all explicit attitudes (Table 3). Even though change is relatively slow, the 

ARIMA forecasts from the 14-year trend nevertheless suggest the possibility of explicit attitude 

neutrality could be possible as early as mid-2024 (see SM), based on the lower bound of the 

forecasted confidence interval. However, the most recent trends paint a less optimistic picture: 

between 2017-2020, explicit anti-old/pro-young attitudes have switched direction over the past 

four years to be stable and even hint to increasing bias (increasing by about 4%; Table 4). This is 

the only case of any attitude (whether implicit or explicit) in which an attitude changed in the 

opposite direction of the forecast, and the only case of any explicit attitude changing towards 

increasing bias.  
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Why might explicit age attitudes be uniquely increasing in 2017-2020? One possibility 

that may come to mind is the possible increase in negative information that has emerged 

regarding the elderly and their vulnerability during the COVID-19 pandemic (Fraser et al., 

2020), but this is implausible given that attitude change commences in late 2016, prior to the 

onset of the pandemic. Instead, we speculate that the shift in anti-elderly explicit attitudes may 

be spurred, in part, by a growing “generational war” between younger (e.g., Millennial, Gen Z) 

and older (e.g., Baby Boomer) age groups – a conflict that increased throughout 2016-2019 and 

culminated in memes such as “OK Boomer” (a retort to perceived traditional beliefs of the Baby 

Boomer generation; Mueller & McCollum, 2021). This generational conflict incorporates the 

belief among younger people (and particularly among younger liberals) that the elderly stand in 

the way of necessary progress on issues including economic inequality, climate change, and 

racial injustice (BLM). Frustration with the elderly’s perceived resistance to change could be the 

cause of negative explicit anti-elderly attitudes. Exploratory and admittedly post-hoc support for 

this interpretation comes from initial tests of the differences in explicit age attitude trends 

between younger versus older and liberal versus conservative respondents, reported below. 

Table 4. 
Trends from 2017-2020 and Accuracy of Forecasts Based on Past Data (2007-2016)  
 

 Trends from 2017-2020 Forecast Accuracy 

 Start End %∆ Raw ∆ ARIMA Forecasted 
%∆ 

Forecasted 
Raw ∆ MAE RMSE MASE 

 Implicit Attitudes 
Sexuality 0.16 0.12 -27 -0.04 (1,1,1) -21 -0.04 0.05 0.05 1.47 

Race 0.29 0.24 -17 -0.05 (2,1,0)(1,1,0) -<1 -<0.01 0.02 0.02 1.06 
Skin-tone 0.29 0.24 -17 -0.05 (0,1,1) -<1 -<0.01 0.02 0.03 1.47 

Age 0.42 0.41 -<1 -0.00 (0,0,0) -<1 -<0.01 0.01 0.02 1.20 
Disability 0.53 0.49 -8 -0.04 (0,1,1)(0,0,1) -<1 -<0.01 0.02 0.03 0.95 

Body 
weight 0.49 0.47 -6 -0.03 (0,1,1)+drift -<1 -<0.01 0.01 0.01 0.50 

 Explicit Attitudes 

Sexuality 0.29 0.17 -41 -0.12 (0,1,0) -7 -0.02 0.09 0.12 1.19 
Race 0.13 0.01 -96 -0.13 (4,1,1)+drift -57 -0.09 0.05 0.06 1.49 
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Skin-tone 0.14 0.06 -59 -0.08 (0,1,1) -33 -0.05 0.04 0.05 1.47 
Age 0.39 0.40 +4 +0.01 (2,0,0)(0,1,0) -2 -0.01 0.06 0.07 1.25 

Disability 0.39 0.34 -14 -0.05 (0,1,1)(1,0,0) -13 -0.05 0.02 0.03 0.61 
Body 

weight 0.77 0.67 -13 -0.10 (0,1,1)+drift -6 -0.04 0.06 0.07 1.13 

Note. See note for Table 3 for a description of start, end, %∆, raw	∆ and ARIMA. MAE (Mean Absolute Error) refers 
to the actual, scale-dependent difference between the observed and forecasted mean; calculated as 𝑚𝑒𝑎𝑛(|𝑒|). 
RMSE (Root Mean Squared Error) refers to the square root of the scale-dependent amount that the mean of the 
forecast was “off” from the observed mean; calculated as *𝑚𝑒𝑎𝑛(|𝑒!|). MASE (Mean Approximate Scaled Error) 
refers to the relative accuracy of the forecast compared to a standard naïve forecast based on the training data (i.e., 
from a simple prediction of yt  from yt-1); values greater than 1 indicate the errors from the ARIMA forecast are 
larger than the errors from the naïve forecast (i.e., the naïve forecast would have been just as efficient).  

 

Disability attitudes. Over 14 years, implicit disability attitudes have shifted by only 2% 

and the best-fitting ARIMA model indicates no evidence of past or forecasted change (i.e., the 

ARIMA model has no differencing parameter; Table 3). In sharp contrast, explicit disability 

attitudes have consistently decreased in anti-disabled/pro-abled bias by 37% between 2007-2020 

and suggest forecasts could reach no explicit bias by approximately 2037, if past trends were to 

persist (see SM). Although the long-run trends of implicit disability attitudes show stability, 

looking only at more recent data reveals a temporary uptick starting in early 2017 and ending 

about a year later. Below, we provide a post-hoc exploration of this increase to better identify the 

timing, magnitude, and duration, as well as speculate on possible coinciding events. Despite this 

noticeable increase in bias, both implicit and explicit disability attitudes revealed high accuracy 

in ARIMA forecasts, with both low RMSE and MAE results, and MASE results indicating that 

ARIMA forecasts were significantly more accurate than a naïve model (Table 4).  

Body weight attitudes. Since 2010, when the continuous body weight test (using body 

silhouette stimuli) was available, implicit body weight attitudes have decreased by only 1% and 

suggest no future change (i.e., the ARIMA model includes no differencing parameter; Table 3). 

Thus, although Charlesworth and Banaji (2019) previously reported a unique increase in implicit 

body weight attitudes that occurred from 2004-2010, the trend now appears to have levelled off. 



PATTERNS OF ATTITUDE CHANGE 24 

Indeed, inspecting only the most recent data reveals that the trend now even hints towards 

decreases in bias (dropping by about 6% from 2017-2020; Table 4).  

In contrast to the high and stable implicit body weight bias, explicit body weight attitudes 

have decreased in bias over all 14 years (2007-2020), dropping in anti-fat/pro-thin attitudes by 

31% (Table 3). Within 2017-2020 the decrease even slightly outpaced the forecast (attitudes 

dropped by 13% in four years, despite being forecast to drop only 6%; Table 4). Finally, both 

implicit and explicit body weight attitudes showed high forecast accuracy statistics, with low 

MAE, RMSE, and the lowest MASE for any implicit attitude. Thus, as with nearly all implicit 

and explicit attitudes, the trends of past body weight attitudes generally predicted the observed 

patterns in 2017-2020, even despite the tumultuous sociopolitical changes of this period. 

Exploratory analysis: Relationship between implicit and explicit attitude change. 

Among the many interesting questions that can be posed of this data is the question of whether, 

and to what extent, implicit attitude change precedes or follows the changes observed in explicit 

attitudes. This question is of particular interest for thinking about possible mechanisms of 

change, since most existing theories (albeit proposed to explain individual-level rather than 

societal-level change) describe mechanisms in terms of the mediation and relationships between 

implicit and explicit attitudes (e.g., Gawronski & Bodenhausen, 2006). Although not 

preregistered, we offer an additional exploratory analyses of this question in the SM using 

Granger causality analyses. In brief, Granger causality investigates whether a timeseries x (e.g., 

Google searches) can help predict a second timeseries y (e.g., implicit attitudes) at a lag of t 

timesteps (e.g., at a lag of 1 month), thus providing initial insight into the time-locked 

relationships between two series.  
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As reported in the SM, Granger causality models revealed no systematic relationship 

between implicit and explicit attitudes across topics or across time lags. That is, while there were 

some idiosyncratic relationships (especially for race attitudes), explicit attitude change did not 

systematically precede implicit attitude change, and nor did implicit attitude change precede 

explicit attitude change. Thus, it appears that the two measures of attitudes are most likely 

sensitive to different sources of influence and societal transformations. In fact, this finding is in 

line with later conclusions we discuss below that show implicit attitudes as more attuned to 

widespread, macro-level change in the societal environment, whereas explicit attitudes may 

respond more to demographic-specific forces and long-term consistency in attitudes. Future work 

is positioned to continue exploring the societal-level mechanisms that may help explain the 

relationships between implicit and explicit attitude trends. 

Section Three: Demographic Differences (Age, Race, Sexuality Attitudes) 

Analytic strategy. We test demographic similarities versus demographic differences in 

attitude trends over 14 years (2007-2020). Demographic subgroups were defined by respondents’ 

religion (Christian, Jewish, Non-religious, Other), education (College-educated, Non-college 

educated), race (White American, Asian American, Black American), gender (Male, Female), 

politics (Liberal, Conservative), age (younger < 20 years vs. older > 40 years, determined based 

on the youngest and oldest age cut-offs with sufficient sample sizes), and, for sexuality attitudes 

only, sexual orientation (Straight, Gay/Lesbian, Bisexual). The attitude timeseries for each 

demographic subgroup was weighted (see above) to help ensure that the comparison subgroups 

(e.g., Male and Female) approximated each other on all relevant demographics except the one of 

interest (e.g., Male and Female respondents were weighted to match on the representation of 

race, age, politics, and education). Additionally, because of the smaller sample sizes when 
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separating out by both month and demographic subgroup, we used only the three largest tests – 

Age, Race, and Sexuality – as in previous work (Charlesworth & Banaji, 2021). 

The trends of two demographic subgroups could be interpreted as: (1) converging (i.e., 

the trends were moving towards each other over time), such as if men, who started out as initially 

more biased, decreased in bias faster than women, essentially “catching up”; (2) diverging (i.e., 

the trends were moving away from each other over time), such as if women, who already started 

out as initially less biased, decreased in bias faster than men, essentially “falling away”; or (3) 

parallel change, such as if men and women decreased in bias at the same rate and direction. The 

interpretation of converging, diverging, or parallel change was informed by examining the 

differenced series between the two demographic groups (e.g., subtracting the trajectory of men’s 

attitudes from that of women’s attitudes), among other criteria (see Charlesworth & Banaji, 

2021). If the differenced series is moving towards neutrality, that indicates the trends are 

converging because the gap between the two groups’ attitudes is reducing over time as the 

attitudes of one group move toward the attitudes of the other group. If the differenced series is 

moving away from neutrality, that indicates the trends are diverging because the gap between the 

two groups is growing over time as one group pulls away from the other. Finally, if the 

differenced series is stable (e.g., there is no d parameter in the ARIMA model), that indicates the 

trends are parallel, because both groups must be changing at similar rates in the same direction to 

keep the gap equivalent over time. Interpretations for all demographic differences are reported in 

Table 5; results from the differenced series are reported in the SM. 

Table 5. 
Demographic Differences and Similarities in Overall Data (2007-2020) for Implicit and Explicit 
Age, Race, Sexuality Attitudes 
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 Implicit Attitudes  Explicit Attitudes 

Attitude Group Start End %∆ Raw ∆ Interpretation 
(2007-2020)  Start End %∆ Raw ∆ Interpretation 

(2007-2020) 

Age 
Liberals 0.43 0.42 -4 -0.02 Parallel 

(L  = C ) 
 0.58 0.57 -2 -0.01 Diverging 

(C > L ) Conserv 0.46 0.42 -9 -0.04  0.50 0.31 -37 -0.18 

Race 
Liberals 0.31 0.20 -37 -0.11 Diverging 

(L > C ) 
 0.25 -0.10 ->100 -0.35 Diverging 

(L > C ) Conserv 0.37 0.32 -14 -0.05  0.52 0.22 -58 -0.30 

Sexuality 
Liberals 0.21 -0.04 ->100 -0.25 Diverging 

(L > C ) 
 0.25 -0.29 ->100 -0.55 Converging 

(C > L ) Conserv 0.52 0.34 -34 -0.18  1.53 0.91 -41 -0.62 

Age 
Younger 0.45 0.41 -7 -0.03 Parallel 

(Y  = O ) 
 0.76 0.63 -16 -0.12 Converging 

(Y > O ) Older 0.47 0.43 -8 -0.04  0.03 -0.04 ->100 -0.07 

Race 
Younger 0.34 0.24 -29 -0.10 Diverging 

(Y > O ) 
 0.34 -0.04 ->100 -0.38 Diverging 

(Y > O ) Older 0.32 0.27 -15 -0.05  0.31 0.07 -77 -0.24 

Sexuality 
Younger 0.34 0.03 -90 -0.30 Diverging 

(Y > O ) 
 0.76 -0.03 >100 -0.79 Diverging 

(Y > O ) Older 0.35 0.24 -31 -0.11  0.66 0.28 -58 -0.39 
Age White Am 0.45 0.41 -8 -0.03 Parallel 

(W  = B ) 
 0.55 0.42 -23 -0.13 Converging 

(W & B )  Black Am 0.51 0.46 -11 -0.06  0.37 0.39 +4 +0.02 
Race White Am 0.40 0.31 -25 -0.10 Converging 

(W & B ) 
 0.57 0.22 -61 -0.35 Converging 

(W & B )  Black Am -0.06 -0.04 -29 -0.02  -1.10 -1.16 +5 +0.05 
Sexuality White Am 0.33 0.10 -70 -0.23 Parallel 

(W = B ) 
 0.67 0.12 -83 -0.55 Converging 

(B > W )  Black Am 0.48 0.25 -48 -0.23  1.03 0.42 -60 -0.61 
Age Female 0.42 0.39 -7 -0.03 Parallel 

(M  = F ) 
 0.43 0.35 -19 -0.08 Converging 

(M > F )  Male 0.51 0.47 -8 -0.04  0.72 0.56 -23 -0.17 
Race Female 0.32 0.23 -26 -0.08 Parallel 

(M = F ) 
 0.25 -0.02 ->100 -0.27 Converging 

(M > F )  Male 0.35 0.27 -24 -0.08  0.42 0.06 -85 -0.36 
Sexuality Female 0.32 0.09 -72 -0.23 Diverging 

(F > M ) 
 0.55 0.11 -80 -0.44 Converging 

(M > F )  Male 0.39 0.20 -50 -0.19  1.01 0.37 -63 -0.63 
Age White Am 0.45 0.41 -8 -0.03 Parallel 

(W  = A ) 
 0.55 0.42 -23 -0.13 Parallel 

(W = A )  Asian Am 0.41 0.39 -6 -0.03  0.58 0.41 -30 -0.17 
Race White Am 0.40 0.31 -25 -0.10 Parallel 

(W = A ) 
 0.57 0.22 -61 -0.35 Parallel 

(W = A )  Asian Am 0.35 0.27 -24 -0.08  0.49 0.15 -70 -0.34 
Sexuality White Am 0.33 0.10 -70 -0.23 Parallel 

(W = A ) 
 0.67 0.12 -83 -0.55 Parallel 

(W = A )  Asian Am 0.35 0.15 -58 -0.20  0.80 0.36 -55 -0.44 
Age No College 0.38 0.43 +14 +0.05 Converging 

(NC & C ) 
 0.40 0.38 -5 -0.02 Converging 

(NC  & C )  College 0.45 0.43 -5 -0.02  0.52 0.36 -31 -0.16 
Race No College 0.32 0.25 -21 -0.07 Parallel 

(NC = C ) 
 0.29 -0.01 ->100 -0.30 Parallel 

(NC = C )  College 0.34 0.24 -28 -0.09  0.33 0.00 -99 -0.32 
Sexuality No College 0.29 0.11 -60 -0.18 Parallel 

(NC = C ) 
 0.63 0.06 -91 -0.57 Parallel 

(NC = C )  College 0.34 0.13 -62 -0.21  0.71 0.13 -82 -0.58 
Age Christian 0.45 0.42 -8 -0.03 Parallel 

(Ch  = Nr ) 
 0.49 0.40 -19 -0.10 Parallel 

(Ch = Nr )  Non relig. 0.45 0.41 -8 -0.04  0.54 0.42 -23 -0.12 
Race Christian 0.33 0.25 -25 -0.08 Parallel 

(Ch = Nr ) 
 0.30 0.00 -99 -0.30 Parallel 

(Ch = Nr )  Non relig. 0.34 0.24 -28 -0.09  0.38 0.02 -95 -0.36 
Sexuality Christian 0.39 0.16 -60 -0.23 Parallel 

(Ch = Nr ) 
 0.88 0.29 -67 -0.59 Converging 

(Ch > Nr )  Non relig. 0.29 0.05 -81 -0.23  0.47 -0.03 ->100 -0.50 

Sexuality 
Straight 0.41 0.21 -48 -0.20 

Parallel 
 0.93 0.45 -51 -0.47 Converging 

(S > L/G ) Lesbian/Gay -0.06 -0.23 ->100 -0.17  -0.62 -0.90 -45 -0.28 
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 Implicit Attitudes  Explicit Attitudes 

Attitude Group Start End %∆ Raw ∆ Interpretation 
(2007-2020)  Start End %∆ Raw ∆ Interpretation 

(2007-2020) 

Bisexual 0.12 -0.09 ->100 -0.21 (S = L/G  = 
Bi )  -0.06 -0.40 ->100 -0.34  (S >  Bi ) 

Note. Start and end values, as well as percent change (%∆) and raw change (∆) are calculated from the start and end 
points of the decomposed trend line (removing seasonality and noise). Using these decomposed trend values rather 
than raw monthly estimates eliminates results that may emerge from an outlier month that was unusually high or 
low. The interpretation indicates whether the individual subgroup trends have moved in parallel or non-parallel 
(diverging or converging) patterns based on criteria outlined in Charlesworth & Banaji (2021). The “=” symbol 
refers to the two groups moving at similar rates; the “>” symbol refers to one group having a faster trend, in that the 
first listed group showed a faster trend than the second listed group; and the “&” refers to two groups moving in 
opposite directions. Arrows indicate direction of the trend (downward to neutral, ; no trend, ; or upwards to 
neutral, ). 
 

Demographic differences in sexuality attitudes. Across all 14 years, implicit sexuality 

attitudes decreased in bias at similar rates (i.e., moved in parallel) regardless of respondents’ race 

(White, Black, and Asian Americans), education (college, no-college), religion (Christian, 

Jewish, other, or non-religious), or sexual orientation (straight, gay/lesbian, bisexual; Table 5). 

However, demographic differences persisted across respondent age and politics. Younger 

respondents decreased in implicit anti-gay/pro-straight bias by 90% over 2007-2020 while older 

respondents decreased at a slower rate of 31% (Figure 3; Table 5). Similarly, liberal respondents 

in 2020 had reached implicit attitude neutrality (decreasing by more than 100%) while 

conservative respondents had decreased by a slower 34%; if past trends continue, conservatives 

would require at least another 16 years to reach the status of liberals’ now-neutral attitudes 

(Figure 2; Table 5). In short, for both age and politics, the gaps between the implicit sexuality 

attitudes of young versus old and liberal versus conservative respondents have continued to 

grow. Newly, we also observed a difference emerge between male and female respondents, with 

female respondents decreasing faster in implicit sexuality attitudes (72% drop) than male 

respondents (50% drop), a smaller difference than that across age and politics but nonetheless 

worth tracking in the future. 
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Relatively more demographic differences were observed for explicit sexuality attitudes. 

Specifically, although explicit sexuality attitudes decreased in parallel across respondent 

education, religion, and race (White/Asian Americans), demographic differences were present 

across age, politics, gender, race (White/Black Americans), and sexual orientation. As above, we 

found that younger respondents have decreased in explicit anti-gay/pro-straight bias faster than 

older respondents, with younger respondents having already reached neutrality (dropping by 

more than 100%) while older respondents dropped by a slower 60% (Figure 3). Unlike implicit 

sexuality attitudes, however, the difference by politics indicated that the more biased 

conservative respondents had moved faster than the already-neutral liberal respondents, meaning 

that the gap between the two groups (while still large) has been converging over time (Figure 2). 

Nevertheless, it would take more than 200 years for conservative respondents to “catch up” to 

the low biases of liberal respondents, if past trends continue (see SM). Finally, the differences by 

gender, race, and sexual orientation indicate that the (more biased) male respondents, Black 

American respondents, and straight respondents had moved faster than the (less biased) female 

respondents, White American respondents and lesbian/gay or bisexual respondents, respectively, 

again resulting in converging gaps over time since the more biased groups are “catching up” 

(Table 5). 

Turning to the data from 2017-2020, demographic differences observed in the previous 

analysis across politics, gender, and sexual orientation do not show such apparent differences in 

change. That is, from 2017-2020, liberals versus conservatives, men versus women, White 

versus Black Americans, and even straight versus lesbian/gay/bisexual respondents revealed 

parallel rates of change for both implicit and explicit attitudes (see SM). The recent consistency 

across groups, while surprising, has also been documented on representative polls (e.g., Gallup 
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recently found that Republicans increased in their approval of gay marriage by 9 percentage 

points, from 40% to 49% between 2016-2020, while Democrats similarly moved by 4 percentage 

points, from 79% to 83%; McCarthy, 2020).  

 

 
Figure 2. Political differences (liberals versus conservatives) on implicit and explicit age, race, 
and sexuality attitudes from 2007-2025. Thin blue or red lines indicate the observed monthly 
weighted means (from 2007-2020) of the two demographic subgroups as noted in the legend, 
thick blue or red lines indicates the decomposed trend lines of the observed monthly data 
(removing seasonality and noise), dark shaded areas indicate 80% confidence interval (CI), and 
light shaded areas indicate 95% CI of the ARIMA model forecasts (for 2020-2025). Vertical 
grey line indicates onset of additional data (2017-2020) newly reported in this paper. 
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Figure 3. Age differences (younger <20 years versus older > 40 years) on implicit and explicit 
age, race, and sexuality attitudes from 2007-2025. See caption to Figure 2. 
 

 
Figure 4. Race differences (Black Americans versus White Americans) on implicit and explicit 
age, race, and sexuality attitudes from 2007-2025. See caption to Figure 2. Note that explicit 
race attitudes are visualized on a different y-axis scale than the other attitudes due to the uniquely 
lower explicit attitudes among Black Americans. 
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Demographic differences in race attitudes. Across time, implicit race attitudes have 

decreased in anti-Black/pro-White bias in parallel regardless of respondents’ gender, education, 

religion, and White versus Asian American identity (Table 5). However, as with sexuality 

attitudes, differences remained across respondent age and politics. Faster decreases in bias were 

observed among younger (dropped by 29%) than older respondents (dropped by 15%; Figure 3), 

as well as among liberal (dropped by 37%) than conservative respondents (dropped by 14%; 

Figure 2), both revealing growing gaps between these two groups’ attitude trends. Again, 

although we emphasize that conservative respondents are also changing, the relatively slower 

rate of change means that, if past trends continue, conservatives will still take at least another 31 

years to reach implicit attitude neutrality whereas liberals could reach that point in as little as 6 

years. White, Asian and Black Americans also continued to show differences in trends: Black 

Americans remained at relatively stable and weak pro-Black/anti-White implicit attitudes, while 

both White and Asian Americans decreased in their anti-Black/pro-White bias. Thus, the gap 

between Black Americans and White or Asian Americans has continued to decrease over time 

(Figure 4).  

Similar patterns of demographic similarities (and differences) were observed for explicit 

race attitudes: decreases in anti-Black/pro-White bias progressed in parallel between 2007-2020 

regardless of respondent education, religion, or White versus Asian American identity. However, 

differences in explicit attitude trends persisted across respondent age, politics, White/Asian 

versus Black American identity, and (unlike implicit race attitudes) respondent gender. That is, 

as with implicit race attitudes, younger respondents decreased in bias faster (dropping by more 

than 100% and have now passed explicit attitude neutrality) than older respondents (dropped by 

77%; Figure 3), and liberal respondents decreased in bias faster (by more than 100% and have 
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now passed explicit attitude neutrality) than conservative respondents (dropped by 58%; Figure 

2). Next, for both gender and race differences, the more biased group (i.e., men, White, Asian 

Americans) decreased in bias faster than the less biased group (i.e., women, Black Americans), 

resulting in converging gaps between these groups’ attitudes over time, perhaps because of the 

pressures on more biased groups to “catch up” to the new cultural norms of neutral explicit race 

attitudes.  

For just 2017-2020 trends, we find that, as with sexuality attitudes, the differences in race 

attitude trends by gender, politics, age, and even race (White/Black), were largely eliminated. 

For instance, while Black Americans were moving to explicit attitude neutrality from below the 

zero line (i.e., decreasing in pro-Black/anti-White explicit attitudes) between 2007-2016, since 

2017 Black Americans have switched directions and moved away from explicit attitude 

neutrality (started increasing in pro-Black/anti-White explicit attitudes; Figure 4). The recent 

widespread pull towards greater explicit pro-Black attitudes is therefore observed across every 

demographic subgroup, regardless of where the demographic subgroup’s attitudes began (either 

above or below the zero-line). Again, although there are long-run trends of differences across 

demographic groups by age, politics, and race, the recent data provide hints that current change 

toward neutrality is “across the board.” This result may seem surprising given that cultural 

divides in the U.S. on political issues, including race, feel particularly intransigent. However, the 

data point to the possibility that large-scale public engagement and widespread macro-level 

events (e.g., Black Lives Matter) may, in fact, have motivated change more broadly than 

assumed.  

As a final note, we emphasize that the finding of explicit race attitudes crossing attitude 

neutrality by the end of 2020 was observed for nearly every demographic subgroup – the 
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trajectories for female, younger, liberal, Christian, non-religious, college-educated, and non-

college educated respondents all have ARIMA models that already reached neutrality (Table 5). 

For the remaining subgroups (i.e., White, Asian, male, older, and conservative respondents) the 

forecasts include neutrality within the next few years (see SM). Even White respondents, who 

remain the furthest from neutrality, indicate ARIMA forecasts where the lower bound could 

reach neutrality as early as 2024, if their past trends continued (see SM). 

Demographic differences in age attitudes. From 2007-2020, implicit age attitudes were 

stable and parallel across nearly every demographic comparison, except for a new difference 

between college and non-college educated respondents. Specifically, over the 14 years, non-

college educated respondents (who are generally younger) increased in implicit anti-old/pro-

young attitudes by 14%, while college-educated respondents remained stable (decreased by 5%; 

Table 5). Nevertheless, we emphasize the dominant pattern for implicit age attitudes is one of 

similar, parallel stability across most demographic subgroups. 

Many more demographic differences emerged for explicit age attitudes between 2007-

2020: here, demographic differences appeared across respondent politics, age, race (White/Black 

Americans), gender, and education. Indeed, the only parallel change for explicit age attitudes 

was across religious subgroups, and White versus Asian Americans. First, in terms of political 

differences in explicit age attitudes, we find that liberals have followed a curvilinear pattern, 

decreasing until 2016 and then shifting to begin increasing in bias by approximately 22% 

between 2017-2020. Conservatives, in contrast, have consistently decreased in anti-old/pro-

young explicit biases, dropping by 37% over the 14-year span (and decreasing by 11% between 

2017-2020 alone). Next, in terms of age, race, gender, and education differences, we find that the 

gaps between these groups’ attitudes have been converging over time because the previously 
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more biased group (i.e., younger, White, male, non-college educated) decreased in anti-old/pro-

young explicit bias faster than the previously less biased group (i.e., older, Black, female, college 

educated) over all 14 years. Thus, as with explicit race and sexuality attitudes, these differences 

may be driven by the broader societal push to bring all demographic groups in line with social 

norms against explicit expressions of any social group prejudice. 

Finally, looking at 2017-2020 trends, we note that explicit anti-old/pro-young attitudes 

uniquely increased among younger and liberal respondents, with all other groups moving 

towards lower bias (albeit at variable rates). These differences by age and politics rule out a 

cross-cutting source of explicit attitude change (e.g., anti-elderly associations of the covid-19 

pandemic) and, instead, align with earlier speculation about the “generational war.”  

That is, if the data are revealing a conflict between younger people demanding 

liberalizing social change and older people that are perceived to be blocking such change with 

conservative values, we should observe the largest increases in anti-elderly/pro-young bias 

among young liberals. To explore this idea, we performed an exploratory (not preregistered) 

analysis examining trends across four intersectional groups: young liberals, young conservatives, 

older liberals, and older conservatives (see SM). As expected, we found that the increase in 

explicit anti-elderly/pro-young bias from 2017-2020 was strongest among young liberals, who 

increased by 0.15 explicit attitude points (or about 20% in 4 years). In contrast, the largest 

decrease in explicit anti-elderly/pro-young bias was among older conservatives, who dropped by 

0.13 explicit attitude points and ended in 2020 with neutral attitudes. Older liberals decreased by 

only 0.05 points and young conservatives increased by 0.05 points. It therefore seems likely that 

the sources of explicit age attitude increases are driven by the negative beliefs of young liberals 

about older (conservative) adults. This result is a notable departure from the pattern that we have 
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seen across both implicit and explicit race and sexuality attitudes, where young respondents and 

liberals are the groups decreasing most rapidly in bias. Thus, young liberals are not ubiquitously 

the least biased and fastest progressing demographic group but, rather, are changing in some 

areas of intergroup relations (race, sexuality) perhaps at the cost of others (anti-elderly bias). 

Section Four: Exploratory Analyses of Temporary Increases in Implicit Attitudes. 

All earlier analyses of overall attitude trends and demographic differences in trends were 

formally preregistered. However, after inspection of the trends across all 14 years of data, we 

were unexpectedly confronted with a striking pattern of data: four out of the six implicit attitudes 

(race, skin-tone, disability, and body weight) revealed visible, temporary increases around 2015-

2017 that lasted approximately one year before returning to previous trends. What might help 

explain these short-term upticks in bias?  

First, we rule out deflationary explanations. We note that these increases are unlikely to 

be mere artifacts of sample change (as we control for such changes through weighting) or 

changes to the sample source (as we find no anomalies in the frequencies of participants coming 

from different sources). Moreover, the attitude increases are not likely to be errors in data 

archiving or other technical issues since they occur at slightly different moments for each attitude 

and only in implicit attitudes, while archiving errors would be expected to affect all attitudes at a 

similar moment in time.  

Finally, of the six attitude topics, the temporary increases were observed only when the 

group in question was targeted by particularly negative rhetoric from the new sociopolitical 

changes in 2015-2017 (i.e., race/skin-tone, weight, and disability). For instance, a content 

analysis of 223 Trump tweets mentioning marginalized groups showed that 68% of those tweets 

discussed race/ethnicity and most often in a negative tone (Coe & Griffin, 2020). Additionally, 
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Trump’s highly-publicized mocking of Serge Kovaleski, a New York Times reporter with a 

disability, as well as his derision of celebrities and politicians as “fat” (including Rosie 

O’Donnell, Alicia Machado, and Kim Jong-un), created targeted negative media around the 

topics of disability and body weight. In contrast, Trump’s negative comments were relatively 

rare towards the elderly and gay/lesbian people (Coe & Griffin, 2020). Although there were 

certainly harmful and biased policies targeted towards transgender peoples, the words and 

actions of Trump’s campaign and early presidency appeared to recognize the massive shift that 

has occurred in public opinion about (cisgender) gay and lesbian people, even among 

conservatives (Pew Research Center, 2019). That the temporary attitude increases were observed 

most clearly in those Trump-targeted attitudes, but not in others, further suggests that the results 

are more likely to be due to real social effects rather than to artifacts in the data. 

Ultimately, the systematicity of such temporary increases is too remarkable not to offer 

both a detailed description of the empirical phenomenon as well as an initial exploratory case 

study explanation of potential sources. To that end, we perform two post-hoc (not preregistered) 

exploratory analyses: (1) segmented regressions to describe the phenomenon; and (2) a form of 

difference-in-differences regression to explore whether the increase is concentrated among 

conservative respondents and Republican states, an outcome that would be in line with the idea 

that the increase may arise, in part, from prejudice-emboldening actions and words surrounding 

Trump’s campaign and early presidency.  

Segmented regressions. We fit segmented regressions to all implicit attitude trends to 

identify the timing, magnitude, and duration of the short-term increase in 2015-2017. Segmented 

regressions were fit to the decomposed trend lines from 2007-2020 using the segmented package 

in R (Muggeo, 2021), allowing the model to discover up to three breakpoints empirically. In all 
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cases, the three-breakpoint model provided very good fit to the trends (R2 range = [0.88, 0.98]) 

and adding further breakpoints risked overfitting. In most cases, the model estimated breakpoints 

that aligned with the true local minimum and maximum IAT score during the investigated period 

(e.g., if the true minimum was in April 2016, the model also estimated that the breakpoint started 

at that month). However, in the one case of skin-tone attitudes there was a discrepancy between 

the estimated breakpoint (in July 2016) and the true empirical minimum (in March 2016); to 

maintain consistency we report the model-estimated results below. 

Results for the segmented regressions are summarized in Table 6 and Figure 5 below. 

Notably, neither implicit sexuality attitudes nor implicit age attitudes indicated any increases 

during the period of 2015-2017. Indeed, if anything, the segmented regression for implicit 

sexuality attitudes showed an inflection point in May 2016 that indicated more rapid decreases in 

bias until approximately April 2017, after which the trend slowed again to its previous rate of 

decrease. Additionally, implicit age attitudes had no significant short-term increases in 2015-

2017, with the identified breakpoint in April 2015 indicating only a very slow, long-term trend of 

weakly increasing attitudes that continued until January 2020.  

In contrast, for implicit race and skin-tone attitudes, the segmented regressions estimated 

the temporary increases to occur from approximately spring 2016 – spring 2017 (Table 6). Over 

this year, race and skin-tone attitudes increased by approximately 0.03 and 0.04 IAT D score 

points, respectively, or a change of approximately 10% in just one year. Indeed, the increase 

effectively reverted the attitude trends back to where they had been in mid-to-late 2014. For 

implicit disability attitudes, the segmented regressions placed the temporary increase slightly 

earlier, spanning from approximately January 2016 to February 2017, and revealing an increase 

of +0.05 IAT D score points in just one year (or approximately an 11% increase). By the end of 
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this increase, implicit disability attitudes were at their highest levels ever observed over all 14 

years of data. Finally, implicit body weight attitudes revealed the earliest increase, with 

segmented regressions estimating the uptick to start in approximately August 2015 and end in 

November 2016, ultimately increasing by +0.03 IAT D score points and culminating in the 

highest levels of implicit body weight bias observed over all 14 years. 

Table 6. 
Segmented Regressions of Temporary Increases in Implicit Social Group Attitudes (2014-2020) 

 Estimated start Estimated end Slope of change Raw 
change  Mean  CI Mean  CI b CI 

Sexuality May, 2016 Mar 2016 – 
July 2016 April, 2017 Jan 2017 – 

June 2017 -0.006 -0.007, -0.004 -0.06 

Race April, 2016 Mar 2016 – 
June 2016 April, 2017 Feb 2017 – 

May 2017 0.002 0.002, 0.003 +0.03 

Skin-tone July, 2016 May 2016-
Aug 2016 February, 2017 Dec 2016 – 

Mar 2017 0.003 0.001, 0.004 +0.04 

Age April, 2015 Feb 2015 – 
June 2015 January, 2020 Oct 2019 – 

Mar 2020 0.00006 0.00001, 0.0001 +0.003 

Disability February, 2016 Jan 2016 – 
Mar 2016 Mar, 2017 Feb 2017 – 

Mar 2017 0.005 0.004, 0.005 +0.05 

Body 
weight August, 2015 July 2015 – 

Oct 2015 
November, 

2016 
July 2016 – 
Oct 2016 0.003 0.002, 0.004 +0.03 

Note. Estimated start and end mean month (as well as associated confidence intervals, CI) are estimated from 
segmented regression models with three empirical breakpoints. Slope of change is the slope between the estimated 
start and end month. Raw change is the difference in IAT D score points between the estimated start and end month 
in the segmented regression.  

 
Figure 5. Timing of temporary increases in implicit attitude trends from 2014-2020. Dashed 
lines indicate raw monthly means, thick overlayed lines indicate fitted segmented regression 
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lines, shaded areas indicate the duration of the temporary increases identified for implicit 
disability, body weight, race and skin-tone attitudes. Implicit age and sexuality attitudes had no 
short-term increases during the investigated period. 
 
 

Differences in temporary increases of implicit race attitudes by respondent politics 

and geography. We next turn to an exploratory analysis that lends hints towards a possible 

explanation for temporary increases in implicit race attitudes. First, we note that the temporary 

increase began in spring 2016 and thus, any possible explanation would rest on a social change 

that also began around that time. Among the many changes occurring at this moment, one of the 

most notable, especially with respect to race attitudes, was the campaign and rise of popularity of 

Donald Trump. In particular, spring 2016 saw Trump secure the Republican presidential 

candidacy in the primaries. This confirmation served as the first official endorsement of his 

views on race relations – views that had been accumulating through comments such as his 

stereotypes of Mexican immigrants (in June 2015) and his silence on condemning the KKK (in 

February 2016; see also Coe & Griffin, 2020). Political echo chambers being what they are, these 

opinions are likely to be concentrated and influential among conservative respondents and those 

living in strongly Republican states who were more exposed to Trump’s messages through 

campaign rallies, Trump re-tweets, or Trump-favoring news media. 

 Here, we explore the potential role of Trump-related words and actions concentrated 

towards conservative and Republican respondents using a form of difference-in-differences 

(DiD) regression, one of the strongest quasi-experimental approaches to understanding sources 

of change (e.g., Abadie & Cattaneo, 2018). Essentially, DiD analyses test whether differences in 

the degree of exposure to a certain event (e.g., difference between conservatives and liberals in 

the degree of exposure to Trump-related messages) correspond to differences in the degree of 

change in an outcome variable (e.g., conservative versus liberals’ short-term attitude increases). 
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In our case, the model approach was simple: using the timeseries trends computed above, we 

estimated a linear regression with an interaction between time (period of the short-term increase) 

and group (liberal versus conservative respondents or respondents living in Republican versus 

Democrat states). If the interaction is significant, it tells us that the increase is concentrated 

among conservatives (or Republican states) and provides evidence in line with the notion that the 

increases could be at least partly attributed to social changes surrounding Trump’s campaign, 

candidacy, and early presidency, which had greater exposure among those groups. 

We provide a case study using the race attitude data. This attitude was chosen because: 

(a) it is the largest sample, giving us precise estimates even after sub-setting across 

demographics and geography; (b) of all the attitudes showing temporary increases, it is the one 

that has been most frequently and clearly targeted by Trump (Coe & Griffin, 2020); and, finally, 

(c) of all the attitudes showing temporary increases, it is the attitude that differs the most across 

political lines (i.e., liberals and conservatives have different magnitudes of implicit race 

attitudes). This political difference makes it more likely that we will be able to tease out the 

possible role of Trump-related words and actions in affecting one political group more than 

another (e.g., conservatives more than liberals).  

In line with the role of Trump in the temporary increases, results from the DiD model 

showed a significant interaction between time and respondent politics, b = -0.0028, SE  = 0.0002, 

p < .001 (Figure 6; full results are reported in the SM). Inspecting the fitted values is also 

illuminative: while conservative respondents’ attitudes increased by 0.04 IAT D score points 

from April 2016 – April 2017, liberal respondents’ attitudes increased by only 0.01 IAT D score 

points over the same time span. Results were nearly identical for the complementary model 

performed at the state-level comparing trends from the top-20 Republican versus top-20 
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Democrat states based on Trump’s margin of votes. The state-level model showed a significant 

interaction, b = -0.0021, SE  = 0.0002, p < .001, and again, the short-term increase was 

approximately 4 times larger in Republican states than in Democrat states (see SM).  

 
Figure 6. Temporary increases in implicit race attitudes (April 2016 - April 2017) by 
respondent-level and state-level politics. Dark red and blue lines indicate fitted values from 
interaction regression models; shaded red and blue areas indicate upper and lower bounds of 
95% confidence intervals from regression models. State-level comparisons used the top-20 
Republican and top-20 Democrat states based on Trump’s margin of victory in the 2016 election. 
 

Section Five: Summary of Key Results. 

From among the complexity of data presented in the current paper we summarize four 

key conclusions. First, with the inclusion of the most recent data from 2017-2020, trends across 

all 14 years (2007-2020) has magnified the evidence of change in explicit and implicit attitudes. 

It is now incontrovertible that the societal attitudes of U.S. respondents have transformed in 

meaningful ways towards more neutral attitudes. Since 2007, explicit race, skin-tone, and 

sexuality attitudes have dropped by 98%, 79%, and 75%, respectively, and even the relatively 

slower-changing explicit disability, body weight, and age attitudes have dropped by 37%, 31%, 

and 22%, respectively. For implicit attitudes, race, skin-tone, and sexuality biases still have 
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relatively far to go towards neutral, but have nevertheless dropped by a noticeable 26%, 25%, 

and 65%, respectively.  On the other hand, implicit age, disability, and body weight attitudes, 

which had shown stability in a previous analysis, have continued to show little to no change (8%, 

2%, 1%, respectively, over 14 years).  

Second, whether implicit attitudes were changing or remain stable, the observed trends 

were parallel across nearly all demographic groups, albeit with a few notable exceptions. For 

instance, the drops in implicit sexuality and race bias were observed across all demographic 

groups, although two demographic groups – those who are younger and those who self-identified 

as liberal – decreased in bias at a relatively faster rate than older or conservative respondents. 

Thus, implicit attitude change may be best understood as a consequence of macro-level societal 

transformations that cut across many demographics in similar ways (e.g., sources of change such 

as social movements, ecological threats, or media; see Charlesworth & Banaji, 2021 for a 

discussion). In contrast, relatively more demographic differences emerged in the trends of 

change for explicit group attitudes suggesting that these attitudes may be more tied to group-

specific motivations (e.g., Social Dominance Orientation).  

Third, both the overall trends and the demographic patterns in data from 2017-2020 were 

generally well-predicted by ARIMA models fit to past trends (2007-2016), with reasonable 

accuracy statistics. Indeed, if anything, the forecasts from past trends generally underestimated 

the true observed change from 2017-2020. The accurate predictions reveal both the 

methodological strength of an ARIMA approach and, more substantively, the perhaps surprising 

long-run persistence in societal implicit and explicit attitude trends across a particularly 

tumultuous four-year period. 
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Fourth and finally, despite the long-run persistence, some implicit (but no explicit) 

attitudes nevertheless showed temporary disruptions during the period of 2015-2017: implicit 

race, skin-tone, disability, and body weight attitudes each revealed year-long increases in bias 

that eventually returned to previous rates of change or stability after about a year. Post-hoc 

explorations of these increases in implicit race attitudes showed that the increases from spring 

2016 - spring 2017 were concentrated among conservative respondents and respondents in 

Republican states, in line with the idea that the increases may be due, in part, to the words and 

actions surrounding Trump’s campaign and early presidency. 

 
General Discussion 

 
Using the largest record of continuously-collected tests of implicit and explicit attitudes 

over 14 years (2007-2020) we find that, despite much tumultuous sociopolitical change in 2017-

2020, attitude trends have generally persisted in long-run patterns from the past, whether 

decreasing or remaining stable in bias. Attitudes previously decreasing in bias – implicit 

sexuality, race, and skin-tone attitudes and all explicit attitudes – continued along the path of  

decreasing bias since 2017, while attitudes that were previously stable – implicit age, disability, 

and body weight attitudes – have also continued to remain so. Taken across all 14 years, it is now 

incontrovertible that societal explicit and implicit attitudes can and do change over the long term: 

the drops in implicit sexuality, race, and skin-tone bias have magnified to a decrease of 65%, 

26%, and 25%, respectively, while the drops in explicit sexuality, race, and skin-tone bias now 

stand at 75%, 98%, and 79%, respectively, all since 2007.  

Such clear evidence of change in implicit attitudes contrasts sharply with the stability of 

age, disability, and body weight attitudes, reminding us that change, while possible, is not 

inevitable. Differing patterns also give greater credence to the change data as they rule out the 
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possibility that an unknown artifact of the method or data source may be detecting arbitrary 

change; rather, both change and stability seem robust. Renewed efforts for interventions are 

necessary to promote decreases in the particularly intransigent biases of age, disability, and body 

weight. Along these lines, the current data – which reveal widespread, parallel change across 

most demographic groups – point to the interpretation that the most successful efforts for attitude 

change are likely to be macro-level, societal events that cut across demographic groups in similar 

ways (Charlesworth & Banaji, 2021). Efforts such as federal legislation and social movements 

have already shown impacts on implicit attitudes (Ofosu et al., 2019; Sawyer & Gampa, 2017); 

the current data newly reinforce the role of significant events and media (e.g., words and actions 

surrounding a president’s campaign) as tools to, at least temporarily, spur population-level 

attitude change, although not always in the direction of decreasing bias.  

Short-term increases in implicit attitudes 

Exploratory, post-hoc segmented regressions identified that implicit race, skin-tone, 

disability, and body weight attitudes each experienced temporary increases in bias at slightly 

different moments between 2015-2017. In contrast, implicit age and sexuality attitudes showed 

no increases, and neither did any explicit attitudes. That the increases were only observed in 

implicit attitudes adds new empirical evidence to the distinction between implicit and explicit 

attitude measures. We interpret this result in line with theorizing that explicit attitudes are more 

interwoven with concerns around self-consistency and stable values, whereas implicit attitudes 

are more attuned to the associations currently accessible in one’s environment (Payne et al., 

2017). Thus, when significant events change the conversations and associations in the 

environment, implicit attitudes are more likely than explicit attitudes to update in response, even 

if only temporarily (Payne & Hannay, 2021). 
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It is equally notable that the increases in implicit attitudes were only temporary, with 

attitudes returning to their previous rates of change or stable bias after approximately one year. 

This consistent duration of the upticks is an intriguing first hint at the impact and decay of social 

events on implicit attitudes (i.e., “half-life” of events on attitudes; Page & Shapiro, 1992) and 

presents an exciting empirical discovery for future work.  

More generally, the result of both temporary responsiveness and long-run persistence suggest 

new ways of thinking about principles of long-term change in implicit attitudes: at baseline, 

societal implicit attitudes appear to have homeostasis – they continue in “slow but steady” trends 

of change or stability that reflect the generally consistent social environment. However, like any 

adaptive system, implicit attitudes can also respond to “shocks” in the environment (e.g., a 

presidential campaign that emboldened prejudice). Following this shock, the attitudes may either 

adopt a durable new state if enough people are convinced (i.e., a tipping point) and/or the event 

widely reshapes daily norms (e.g., the attitude inflection point following same-sex marriage 

legislation; Ofosu et al., 2019). Alternatively, if the new state is adopted only by a minority, or if 

the event is more transient (e.g., a presidential campaign), implicit attitudes may eventually 

return to their previous homeostasis as the shock fades from public memory. 

Finally, although exploratory and speculative, initial post-hoc analyses hint at possible 

sources for such temporary increases. We note that (a) the increases occurred only in those 

attitudes towards groups that were most strongly targeted by words and actions in Trump’s 

campaign and early presidency, (b) the increases (at least in implicit race attitudes) appeared 

concentrated among conservative respondents and Republican states, and (c) the increases 

generally coincided with significant events related to Trump (e.g., Republican primaries). Each 
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of these points provides early, speculative evidence in line with the idea that Trump-related 

words and actions may have, in part, contributed to temporary increases in implicit attitudes.  

Limitations 

 The Project Implicit dataset is a convenience sample and thus inherently suffers from 

selection bias (Bethlehem, 2010). In particular, extreme ideological groups such as the alt-right 

or White nationalists are unlikely to be included in the current data. Although these groups 

represent only a fraction of the U.S. population, their views reflect explicit hostility, support for 

group-based dominance and even violent discrimination (Forscher & Kteily, 2020). Future 

studies that proactively survey these demographic groups and include them in final population 

estimates of attitudes may find higher biases (and slower change) than the current data suggest. 

Although we note that the database may be somewhat more reflective of the country than 

expected (because Project Implicit also receives volunteers assigned to participate for education 

purposes), it is not designed to capture a fully representative sample of the population.   

 A second concern is the cross-sectional nature of the data. Cross-sectional data leaves 

open the possibility that the sample composition has changed over time. Although we attempt to 

control for this possibility using weighting and raking, it is still concerning that unobserved 

features of the sample may change (e.g., who identifies as liberal may be changing). Moreover, 

cross-sectional archival data means that causal conclusions of why change occurred is difficult to 

identify because of the co-occurrence of multiple significant events occurring at the national 

level. For this reason, although we provide a case study exploration of implicit race attitudes and 

suggest a possible source of change may be Trump-related words and actions concentrated 

among his base, we reiterate that these are only speculative, initial explorations that were 

performed after seeing a striking pattern of data. The post-hoc nature of such analyses means that 
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we should not be too confident in the conclusions until further, convergent evidence from other 

sources is provided (e.g., from public opinion polls over the same time period). Future research 

using similar difference-in-differences methods but with pre-registered hypotheses and 

systematic event analyses will be better equipped to elucidate potential causal sources of both 

long-term attitude trends and short-term responsiveness.  
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