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A deep understanding of how discrimination impacts psychological health and well-being of students could
allow us to better protect individuals at risk and support those who encounter discrimination. While the link
between discrimination and diminished psychological and physical well-being is well established, existing
research largely focuses on chronic discrimination and long-term outcomes. A better understanding of the
short-term behavioral correlates of discrimination events could help us to concretely quantify such experiences,
which in turn could support policy and intervention design. In this paper we specifically examine, for the first
time, what behaviors change and in what ways in relation to discrimination. We use actively-reported and
passively-measured markers of health and well-being in a sample of 209 first-year college students over the
course of two academic quarters. We examine changes in indicators of psychological state in relation to reports
of unfair treatment in terms of five categories of behaviors: physical activity, phone usage, social interaction,
mobility, and sleep. We find that students who encounter unfair treatment become more physically active,
interact more with their phone in the morning, make more calls in the evening, and spend more time in bed
on the day of the event. Some of these patterns continue the next day. Our results further our understanding
of the impact of discrimination and can inform intervention work.
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1 INTRODUCTION

Discrimination is a familiar experience for many groups in our society, with between one in three
[30] and one in four [2] adults reporting the experience as stressful. Discrimination is defined as
differential treatment individuals or groups of people or the disparate impact of institutionalized
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processes on them [45]. It is different from but can be caused by prejudice, stereotypes, and ide-
ologies such as racism or sexism. Discriminatory encounters are ubiquitous, occurring in varied
contexts, from social interactions with peers, to workplace environments, to stores, to encounters
with law enforcement, to educational settings [17]. Experiences of discrimination are undeniably
consequential for the life trajectory of young people, particularly students. For example, discrimi-
nation, bias, micro-aggressions, and other forms of “othering” discourage many minorities from
pursuing education in fields that are dominated by the privileged majority (e.g., [56]), such as STEM
(Science, Technology, Engineering, and Mathematics). Sadly, discrimination is real and goes beyond
the perceptions of the individual facing it and may directly impact success in the field as well as
career prospects. For example, Moss-Racusin et al. [41] show that students’ resumes with randomly
assigned male names are rated as more competent, hireable, and worthy of more mentoring and
pay than those same resumes when they are randomly assigned a female name. Williams et al. [78]
present empirical evidence for salary estimation bias that can lead to employers offering lower
pay to women workers who themselves are less likely to negotiate for equal pay. There are also
long-term negative health consequences of exposure to discrimination and the stress it produces.
For instance, heightened blood pressure, heart rate, and cortisol secretions, markers of heart disease
[11, 37], have been reported in relation to perceived racism [6, 65, 69]. There is also considerable
evidence for the harmful effects of discrimination on mental health [47]. For example, Kessler et al.
[30] report major depression, generalized anxiety disorders, and psychological distress associated
with lifetime discrimination that are comparable in magnitude to those of major life events such as
sexual assault. Day-to-day experiences of micro-aggressions (subtle forms of discrimination) are
similarly deleterious to health as expressed by [67] and empirically supported by [44]:

In and of itself a micro-aggression may seem harmless, but the cumulative burden of
a lifetime of micro-aggressions can theoretically contribute to diminished mortality,
augmented morbidity, and flattened confidence ([49], p. 281)

Thus, there is unique potential for significant societal impact if we better understand
how young adults experience discrimination. If we can concretely quantify discrimination
not only in terms of its prevalence but also in terms of its short-term impact on health and behavior,
then we can better reason about pathways that connect short-term impact to long-term outcome
disparities.

However, it has been difficult to effectively measure the day-to-day impact of discrim-
ination. Past research examining short-term influence of exposure to discrimination is mostly
qualitative in nature (e.g., [72] and [67]), and includes only a small number of self-reported measures,
in the context of diary studies that last only a few weeks (e.g., [44]). These self-reported accounts
are usually retrospective and therefore limited in their accuracy and comprehensiveness. Moreover,
they lack details about changes at the behavioral level, which are sometimes subconscious and thus
impossible to report. Knowledge about behavioral changes is critical in identifying mechanisms
that explain the impact of discrimination encounters.

What is needed is comprehensive data that supports the empirical assessment of dis-
crimination’s short-term impact. To address this, we collect rich data about discrimination,
specifically as represented by 454 unfair treatment events, due to a variety of individual factors
such as gender and ancestry/national origin. These events come from 209 first year college students
and took place over six months. More specifically, we continuously collect passively-sensed data
from phones and behavior tracking wearable devices (Fitbit Flex 2) and combine this with fre-
quent self-reports about unfair treatment and psychological and emotional state. Our contributions
include:
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e We provide additional evidence for the conditions that can buffer or intensify the impact of
unfair treatment by analyzing the associations between unfair treatment and indicators of
mental health while accounting for risk and protective factors.

e We quantify the short-term relationship between unfair treatment and behavior through the
application of regression analysis to rich, passive behavior data, collected on the day of
the unfair treatment report. Our approach allows us to estimate the expected magnitude of
change in behavior.

o We map the trajectory of behavioral correlates of the experience by analyzing short-term self-
reported affect and behavior patterns on the day of unfair treatment and the following days.
We demonstrate that most behavior changes resolve after one or two days.

e We discuss implications of our work including (1) the need for interactional studies of dis-
crimination that takes multiple stakeholders into account; (2) the importance of therapeutic
interventions supporting individuals and social technologies that work to address discrimina-
tion in context; and (3) the need for tools that can better support computational social science
of the sort presented in this paper.

This paper is structured as follows. In Section 2 we review what is known of the association
between unfair treatment and well-being and justify the relevance of passive sensing as a way
to study discrimination. We then identify the research questions we would like to address using
passive sensing, both long-term (over the entire study) and short-term (immediately following
each instance of unfair treatment) in Section 3. Next, we describe the data to address our research
questions in Section 4 and Section 5. Section 6 lays out our approach to analyzing the data. Our
goal in these three sections is to justify our choices in data collection and in operationalizing the
variables of interest found in our literature survey. Further, we justify our analysis approach and
explain how we handle issues such as outliers and feature selection using a hierarchical combination
of machine learning and statistical modeling. This is followed by the findings in Section 7, broken
down by research question, and emphasizing both confidence (significance) and magnitude of the
results. Finally, we discuss the significance of our findings for future computational social science
work, and for the creation of therapeutic as well as context-aware interventions, in Section 8.

2 BACKGROUND AND RELATED WORK

We describe a stress process model for the study of health outcomes associated with discrimination
and review some of the evidence regarding the deleterious impact of unfair treatment on physical
and mental health [73]. We establish the feasibility of our proposed approach for using passively-
sensed phone and wearable data to study discrimination, by reviewing research on applications
of mobile sensing in mental health. We also highlight that phone and wearable data can capture
behavioral correlates of various psychological states related to discrimination.

2.1 Discrimination and Well-being

Discrimination, defined as differential treatment towards, or disparate impact on a person [45], is
an uncontrollable and unpredictable stressor. Many researchers (e.g., [50]) have thus argued that its
impact, in terms of the response it elicits and its consequences for physical and mental health, can
be studied within the general framework of the stress process model. This framework describes a
process model for the impact of stressors on psychological well-being and how social and personal
resources shape the response. According to this framework, not only are some people more likely
to experience discrimination (differential exposure), but also they may react to the experience more
strongly (differential reactivity). Moreover, stressors often cascade and generate other stressors
(stress proliferation [32]) that are part of a cumulative stress load [48]. Within this framework, we

Proc. ACM Hum.-Comput. Interact., Vol. 3, No. CSCW, Article 114. Publication date: November 2019.



114:4 Yasaman S. Sefidgar et al.

expect variability in different people’s responses based on the previous and current contexts of
their life [44]. For example, risk and protective factors, such as other stressors and resources, can
explain why similar experiences impact people differently (e.g., [68]).

Below, we describe the existing research on the impact of discrimination on physical and mental
health within a stress process framework. We highlight the paucity of knowledge explaining the long
term mental health disparities associated with discrimination, particularly in terms of short-term
differences in behaviors.

2.1.1  Physical Well-being. Acting as a stressor, discrimination triggers physiological stress re-
sponses (e.g., heightened blood pressure, heart rate, and cortisol secretions [6, 65, 69]) that can lead
to serious conditions such as heart disease [11, 37]. Should it happen repeatedly, discrimination
increases reactivity to stressful situations [23] (differential reactivity) and weakens body’s protective
resources, thus increasing the risk of illness similar to other forms of cumulative stress [19] (stress
proliferation). Additionally, discrimination is directly correlated with more unhealthy behavior
(e.g., smoking, drinking, substance use) [31, 38].

2.1.2  Psychological Well-being. The association between exposure to discrimination and mental
health is supported by both empirical evidence [47] and large scale population studies [30]. Not only
is discrimination directly associated with higher levels of depression, anxiety, and psychological
distress in general, it is negatively correlated with identifiers of healthy psyche such as positive affect
[60]. The magnitude of the associations is larger for negative health outcomes (e.g., depression) [60]
and is comparable to major stressors such as sexual assault or combat experience [30]. Consistent
with the stress process framework, there are differences in exposure and reactivity to discrimination
[30]. Ong et al. [44] also provide evidence for stress proliferation, e.g., in that people who experience
discrimination are more likely to report other daily stressors, both concurrently and subsequently.
However, it is not yet clear what form the differential reactivity takes or what pathways lead to
stress proliferation. More generally, what about exposure to discrimination leads to higher depression,
anxiety, and distress in the long run? While studies such as [44] do show a relationship between
daily experience of discrimination and health outcomes, they do not examine what short-term
behaviors and affect are most directly associated with discrimination exposure and how these relate
to larger disparities over time. The present work is specifically addressing this gap.

2.2 Passive Sensing of Mental and Physical Well-being

Because discrimination is associated with anxiety and depression, we turn to literature on the
impacts of these conditions on behavior for evidence of behavior types likely to change in relation
to discrimination. Our review of the literature identified five primary categories of behaviors,
described below; also see [12] for a recent and comprehensive review of behavior signals indicative
of psychopathology conditions and [21] for the argued applicability of phone and wearable data in
the context of mental health.

2.2.1  Physical Activity. Higher levels of physical activity are correlated with fewer symptoms of
anxiety and depression [70] as well as lower levels of emotional distress [71]. Moreover, past work
on mobile health sensing has successfully used features based on the inferred activity to predict
depression in students [77] or relapse in schizophrenic patients [75]. We anticipate that exposure
to discrimination leads to more depressed and anxious moods and it is thus negatively correlated
with levels of activity. We expect that following a discrimination encounter people become more
sedentary.

2.2.2  Phone Usage. Distraction, an emotion-regulation strategy to reduce distress and negative
feelings [64], can manifest itself in the from of excessive or purposeless phone use. In fact, phone
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overuse is linked to depression and anxiety in college students [13]. Additionally, patterns of phone
use, particularly in relation to location of use, have been previously used as depression symptoms
[77]. We therefore expect that exposure to discrimination is positively correlated with higher levels
of phone use as people try lowering their distress through distraction.

2.2.3  Social Interactions. Social support and interaction are key to psychological health and well-
being [29]. Unsurprisingly, mental health problems, such as depression, are inversely related to
quality and quantity of social interactions [43]. Moreover, social support seeking is a common
strategy people use to cope with distress [8]. Operationalized in the form of phone calls, social
interactions have been used as indicators of mental health [75]. Discriminatory encounters can
initially lead to increased calls as people seek support. However, when the depressive symptoms
(e.g., withdrawal [20]) increase, social participation might drop. Records of phone calls can provide
signals to this effect.

2.2.4 Mobility. Mental health conditions, such as depression or anxiety, that are characterized
by avoidance behaviors, can potentially impact mobility patterns. There is evidence connecting
people’s mobility to the severity of depressive symptoms [58, 59] and anxiety [25]. We anticipate
that following discrimination experiences, people’s mobility patterns may change, as their behavior
is impacted by higher levels of depression and anxiety.

2.2.5 Sleep. There is significant comorbidity between sleep problems and a number of mental
health complications including depression [74], anxiety [40], and malconduct [46]. Sleep detection
using wearable and phone sensors has been a topic of mobile health research [39]. In relation
to mobile sensing of mental health, Wang et al. [76, 77] have used measures of sleep to model
academic performance and levels of depression in college students. We expect sleep disruption to
follow discrimination encounters.

To summarize, the behaviors that we might expect based on the literature include reduced physical
activity, increased phone screen time, reduced phone calls, reduced mobility, and increased sleep
disruptions. However, the distance between passively-sensed behaviors and psychological condi-
tions reported in studies of discrimination cited above is large. Our work will help to answer the
question of whether the predicted differences are visible in long-term and/or short-term behaviors.

3 RESEARCH QUESTIONS

Passive sensing through mobile phones and behavior tracking wearable devices is a promising
approach to capturing behaviors that are indicative of mental states. This approach would allow us
to investigate the understudied topic of short-term behavior changes associated with discrimination.
Without reporting specifics, the little existing work suggests psychological distress shortly follows
discrimination. We anticipate detecting meaningful changes in behavior associated with such
distress. Our focus in this work is thus on understanding and quantifying such changes based
on objective unobtrusive measures of phone and wearable data to document, for the first time,
what behaviors change and in what ways after discrimination events (i.e., short-term relations).
We also examine and possibly reproduce earlier reports regarding long-term relations between
discrimination experiences and mental health. Figure 1 depicts our application of the stress process
model to the study of discrimination in both short- and long-term. In the present work, we are
specifically focusing on the dashed links marked with the research questions below.
In terms of long-term differences we specifically ask:
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Fig. 1. Stress process model of the short- and long-term impact of discrimination. The links with research
questions next to them are specifically examined in the present work. Thick blue arrows have been studied in
the past. We are reproducing the ones with double lines. Dashed arrows have not been fully examined to the
best of our knowledge, particularly in relation to behavior markers. We examine a subset of these, labeled by
the relevant research question. When a moderating impact is applicable to multiple arrows, we have enclosed
the arrows in a gray box to minimize clutter.

RQ1 What are the differences in mental health (e.g., anxiety, depression, or loneliness) be-
tween people who experience discrimination and people who do not, accounting for
contributions of cumulative discrimination and resources?

RQ2 Do these differences also exist at the level of global behavior patterns (i.e., behaviors
aggregated for the duration of the study)?

Answers to these questions would allow us to establish differences in mental health based on
cumulative discriminatory experiences. The duration of our study is likely too short for substantial
changes in health, due to the events happening during the study, to fully develop. Nonetheless, we
expect to observe differences, because it is likely that people who report being unfairly treated in
our study have had other experiences in the past that have adversely changed their mental health
status with identifiable behavior signals.

Turning to short-term impact, our questions are:

RQ3 What are the differences in self-reported daily affect in the presence and absence of
reports of discrimination?

RQ4 Are there differences at the level of local behavior patterns (i.e., passively sensed behaviors
on the day of or days just after an event) as a function of discrimination exposure?

Responses to RQ3 and RQ4 would provide much needed insights into psychological and behav-
ioral changes that follow unfair treatment, which would justify the need for a future study of the
mediating impact of short-term distress on long-term mental health and other outcomes.

For each observed relationship, we consider several important aspects. First, it is important to
know whether we have confidence in the observations. This can be expressed in terms of p-values
while accounting for multiple comparisons. Second, it is important to quantify the magnitude of
the relationship. This can be expressed in terms of effect sizes or model parameters (e.g., regression
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Table 1. Sample breakdown in terms of gender and minority status. Percentages are calculated out of 209
(the total number who began the study). Categories are non-independent, which is why the columns do not
sum to 209. Of the 33 who dropped out, 13 did so before the break between quarters, and 20 before post
questionnaire.

Completed Study Dropped Out
All (N=176) | Engineers (N=73) | All (N=33) | Engineers (N=11)
Women 114 (54%) 41 (20%) 19 (9%) 7 (3%)
Under-Represented Minorities 18 (9%) 15 (7%) 10 (5%) 5 (2%)
First Generation Students 51 (24%) 27 (13%) 11 (5%) 7 (3%)

coeflicients). Finally, it is important to quantify the length of time over which the impact is visible
(short-term analysis only). This can be captured by looking at the decay in confidence over time.

4 STUDY DESIGN

The data analyzed in this paper comes from a study designed to explore a broad range of topics
relevant to the student experience. The guiding principle in the design of our study in terms of
measurements and collection procedure was to obtain a rich representation of our participants’
well-being as well as their behaviors and context. Our approach was inspired by Wang et al. [76]’s
successful collection of student data (which used a similar protocol but did not include unfair
treatment). We focused our data collection on first-year students in a large public university, as
it allowed us to study students’ experience in a challenging and critical period of life. The first
year of college can significantly influence where students end up in their career and adult life.
It is also a time of substantial change from adolescence to adulthood, when many students face
new challenges they may not know how to cope with. Understanding the prevalence and impact
of unfair treatment experiences in this context provides much needed information for designing
policy and support for students when they most need it and would benefit from it.

We used a single question, asked twice-weekly (daily on four separate weeks) to measure unfair
treatment: “Did you experience unfair treatment for any of the following reasons?” This was followed
by a list of possible reasons for unfair treatment ranging from ancestry / national origin, intelligence,
and gender (the three most common) to religion, learning, and disability (the three least common,
see Figure 4).

Below, we provide further details and rationale for who we recruited, what data we collected,
and how we collected it. Our study was approved by our institution’s Institutional Review Board.

4.1 Participants

We advertised our study through flyers, which were distributed across campus at locations frequently
visited by students, over student mailing-lists, and in student groups on social media. Our call
for participation invited first-year full-time students, 18 years and older, who owned an iOS or
Android smartphone and were available for the entire duration of the study (Jan-Jun 2018). We were
particularly interested in sampling from among women in STEM, where gender discrimination
is an ongoing problem [26]. We thus did snowball sampling for students enrolled in engineering
majors. We worked to oversample women, minorities, and first-generation students.

We recruited 209 participants, of whom 176 stayed in the study through the end (84% retention
rate). Table 1 provides further information about our sample at the beginning and end of the study.
The age range of participants in the final sample was 18 - 23 years (M = 18.4, SD = 0.69).
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Table 2. Demographics information most relevant to the present work. Statistics in the table are calculated
from the 209 participants who started the study.

Demographics
Age M=18.4SD=0.69 URM 12% Disability 1% College 40% Engineering
Gender 64% Female Language 75% English Sexual orientation 88% Straight

4.2 Procedure

After an initial screening questionnaire, participants attended an information session, where we
went over the consent form and compensation structure, installed phone data collection software
on participants’ phones and gave them Fitbit Flex 2 devices for passive sensing. We also asked the
participants to complete a demographic survey (Table 2).

Participants were asked to answer hour-long questionnaires about their life experiences, self
regulation and coping skills, health behaviors, and personality, three times during the study: pre, or
before the start of the Winter quarter; mid, or between Winter and Spring quarter; and post, or after
their last final of Spring quarter (see Section 4.3 for details). The timing of the pre survey overlapped
the start of Winter quarter for some participants. In addition, participants were asked to report
twice weekly on their affect, stress, and experiences of unfair treatment, among other things, in
response to Ecological Momentary Assessment (EMA) surveys (details in Section 4.3). Participants
were given approximately a ten-hour window to complete these surveys. During two weeks of each
quarter, we sent the EMA surveys four times a day to get more detailed information. Building up on
earlier work, we chose sampling timing and frequency for EMAs to minimize participant burden
while obtaining representative data. For example, Wang et al. [76] collect multiple responses a day,
while Wang et al. [77] collect responses once a week. We incorporated both approaches, slightly
increasing frequency (twice weekly rather than once a week) when not asking on a daily basis.
This allowed us to obtain responses both on week days and weekends, as behaviors on week days
and weekends are measurably different (e.g., Saeb et al. [58]). We scheduled daily EMA surveys a
week before exam periods to get more detailed data when academic demands are the highest. We
used Qualtrics! to administer all questionnaires and surveys.

During the study we continuously monitored participants’ compliance in responding to EMA
surveys and their sensor data availability. We followed up with participants when necessary to
address the issues that might prevent them from receiving surveys or collecting their sensor data.

We compensated participants for completing pre, mid, and post questionnaires as well as the
EMA survey responses. They could earn up to US$245 depending on the number of the surveys
they responded to. If their sensor data was available for more than 90% of the study duration they
could also keep their Fitbit device.

Below we provide more depth on the subset of this data used in this paper. Our analysis focuses
on variables drawn from the demographic survey, pre and post questionnaires, and EMAs along
with passively-sensed data.

4.3 Surveys and Questionnaires

Our analysis of the longer questionnaires focuses on specific items from the pre and post question-
naires only. The questionnaire items relevant to this article are summarized in Table 3. In addition
to outcome measures previously reported in literature (e.g., depression or anxiety), we included a
wide range of items such as health, social experiences, and coping resources. We anticipated these
factors would be related to both reports of and reactions to unfair treatment and included them as
resource factors in our analysis. According to the stress process model of discrimination, not only

Thttps://www.qualtrics.com
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Fig. 2. Timeline and completion rate of pre, mid, and post questionnaires as well as EMA surveys. Y axis
shows the completion rates and is narrowed to the range 50-100%. The completion rate of pre, mid, and post
questionnaires are percentages of the original pool of 209 participants, whereas EMA completion rates are
based on the 176 participants who completed the study. EMA completion rates are computed as the average
completion rate of the surveys administered in a certain week of the study. School-related events (i.e., start
and end of quarters as well as exam periods) are marked. Dark blue bars (Daily Survey) show the weeks when
participants answered surveys every day, four times a day.

Table 3. Measures in pre or post questionnaires and EMA surveys relevant to our discrimination analysis. The
health status or social perception that the acronym measures is given in parentheses. Scales representing
mental health are bold-faced and starred (*). Predictor measures are italicized and marked with a cross
(). Other scales are considered as risk / protective factors (i.e., resources) in our analysis.

Measure Administration| Scales / Items Included in the Measure

Social Experiences | pre, post UCLA Loneliness* [57] (loneliness), 2-way SSS [63] (social
% | or Perceptions support)
o ) pre, post MAAS [7] (mindfulness), ERQ [22] (emotion regulation),
E Stress & Coping PSS* [10] (perceived stress), BRS [66] (resilience)
& | Physical & Mental | pre, post CHIPS [9] (physical health), CES-D* (depression) [55],

Health STAI" (anxiety) [27]

Affect” daily, weekly Feeling Anxious, depressed, frustrated, overwhelmed, lonely,
happy, and connected on the scale of 1 (not at all) to 5 (ex-
tremely)

< | Unfair Treatmentt | daily, weekly Unfairly treated because of ancestry or national origin, gen-

E der, sexual orientation, intelligence, major, learning dis-
ability, education or income level, age, religion, physical
disability, height, weight or other aspect of one’s physical
appearance; the question also included the option “I was
not treated unfairly”

are certain groups more likely to face unfair treatment, but also they are also more likely to react
to discriminatory situations (see Section 3 for the theoretical model that informed our decisions).

As shown in Table 3, participants also responded to Ecological Momentary Assessment (EMA)
surveys that were administered either twice weekly or daily (Section 4.2). Twice-weekly EMAs
asked about experiences of unfair treatment the day before (i.e., yesterday), whereas daily EMAs
asked about same-day events. More concretely, the unfair treatment question we asked in the twice
weekly surveys was “Did you experience unfair treatment for any of the following reasons yesterday?”
In the daily surveys, we asked “Did you experience unfair treatment for any of the following reasons
today?” The explicit wording (i.e., ‘yesterday’ or ‘today’) allows us to identify the exact date of the
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Table 4. Passively sensed data collected and used in our analysis.

Relevant Behavior | Sensor | Source | Sampling Information Collected
Physcial Activity SteP i Fitbit 1 sample per min number of .stleps i i i i . i
Activity 1 sample per 5 min | type of activity: walking, running, on bicycle, in vehicle, still, unknown

Phone Usage Screen screen status (locked, unlocked, off, and on) events
Social Interactions Call AWARE | event-based time and duration of incoming, outgoing, and missed calls
Mobilit Location 1 sample per 10 min | GPS latitude, longitude, altitude

Y Activity 1 sample per 5 min | variety of activities
Sleep Sleep Fitbit 1 sample per min duration and onset of sleep, minutes to fall sleep, of awake, and after wakeup

discrimination experience so that we can properly align self-reported and passively-sensed data.
Participants could mark any applicable reason or indicate they were not unfairly treated. They
could also leave the question blank. We only consider explicit positive (i.e., marked at least one
reason in response to the question) or negative (i.e., marked ‘I was not treated unfairly”) responses
to the unfair treatment question in our analysis.

All but one of 209 participants completed the pre questionnaire. 196 (94%) and 176 (84%) also
completed mid and post questionnaires respectively. The overall compliance rate for EMA surveys
was 85%. Figure 2 illustrates the average compliance rate across all weeks of the study. It also
depicts the timing of pre, mid, and post questionnaires and EMA surveys as well as important dates
according to the student calendar.

4.4 Passively Sensed Data

We equipped participants’ phones with the AWARE framework app [16], to passively collect data
from their smartphones. This enabled us to record location, phone screen status, and call logs
for incoming, outgoing and missed calls. We also used a plugin for AWARE to collect activity
information (e.g., walking, running, or still) inferred by the phone. AWARE ran in the background
on participants’ phones and automatically transferred data to our server over WiFi on a regular
basis. Further, we gave each participant a Fitbit Flex 2, which records the number of steps and
sleep status (e.g., asleep or awake). We chose the Fitbit Flex 2 because it provided important data
(sleep and steps) at a reasonable cost with acceptable reliability. Table 4 summarizes the passively
sensed data we collected, specific sensors we used, which device provided the data, sampling rate,
and information collected. Existing literature on mobile sensing of indicators of mental health
(Section 2.2) informed our choice of sensors(Figure 5).

We started data collection three weeks into the study because of some technical difficulties. We
continued data collection until the final compensation session although some participants continued
uploading data even after they exited the study. Figure 3 illustrates availability of different sensor
data for the duration of our study; the brighter the cell for a sensor, the larger the number of people
who uploaded data for that sensor on that date.

5 DATASET

In this preliminary study of the association between discrimination and behaviors, we consider all
types of unfair treatment under one category of experiencing discrimination, which is used to drive
two measures: exposure (any report of unfair treatment qualifies; if a participant reported they were
not unfairly treated in their EMA responses their exposure would be zero) and severity (ratio of
total reports to total available responses, i.e., number of times the question was answered over the
course of the study; severity is zero for people who always reported they were not unfairly treated).
This allows us to address concerns regarding the validity of the measurement and practicality
of the analysis. First, our measure of discrimination was not a validated measure, e.g., it did not
explicitly include race as a source of unfair treatment. Thus, it may not adequately differentiate
between types of discrimination, and it may not have captured all examples of discrimination (a
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Fig. 3. Sensor data availability for each day of the study in terms of the number of participants whose data
is available on a given day. Weeks of the study are marked on the horizontal axis while different sensors
appear on the vertical axis. Important calendar dates (e.g., start / end of the quarter and exam periods) are
highlighted as are the weeks of daily surveys. The brighter the cells for a sensor the larger the number of people
contributing data for that sensor. Event-based sensors (e.g., calls) are not as bright as sensors continuously
sampled (e.g., location) as expected. There was a technical issue in the data collection application in the
middle of study, visible as a dark vertical line around the beginning of April.

Table 5. Breakdown of unfair treatment reports across genders and majors. The percentages are calculated
based on 448 incidents of unfair treatment.

# reports  y* p-value
Female 326 (73%) 8.98 (df=1) 0.003
Male 122 (27%)
Engineering 201 (45%) 3.67 (df=1) 0.055
Non-engineering | 247 (55%)

limitation we plan to address in future iterations of the study). For this reason, we refer to it as
unfair treatment throughout this paper, drawing the connection to discrimination as appropriate
where our results match what the literature would predict, and in the discussion. Second, there are
relatively few incidents for some categories, which complicates their individual analysis.

Four hundred fifty-four distinct incidents of unfair treatment during our study, of which 448
belong to participants whose sensor data is available for analysis. Figure 4 shows the prevalence
and breakdown of the reports of unfair treatment by category. As summarized in Table 5, unfair
treatment is more prevalent amongst women than men; 73% of all reports of unfair treatment
come from women. Unfair treatment is equally prevalent in both engineering and non-engineering
majors for all genders.

Prior work on bias and discrimination has identified mental health conditions associated with
discrimination, such as depression, anxiety, negative affect, psychological distress, and social

Proc. ACM Hum.-Comput. Interact., Vol. 3, No. CSCW, Article 114. Publication date: November 2019.



114:12 Yasaman S. Sefidgar et al.

100 A

Number of Reports

20

"% .Y L, .
e L‘Z’(bd‘ & g & 1:-_6‘_@0 @¢$% D

£ S o &
A & & & F & \z"”@

Fig. 4. Breakdown of 448 reports of unfair treatment by type. National, Orientation, and Learning refer to
ancestry or national origin, sexual orientation, and learning disability respectively. See Table 3 for details of
all categories. Participants were able to report multiple incidents of unfair treatment, possibly of different
types, in each report.

withdrawal. We thus include both long-term and short-term measures of these indicators of mental
health in relation to discriminatory encounters in creating the dataset for our analysis:

e long-term indicators of mental health (from post questionnaire): depression (CES-D [55]),
anxiety (STAI [27]), stress (PSS [10]), and loneliness (UCLA Loneliness [57]).

e short-term indicators of psychological distress (from EMA surveys): momentary affect (anx-
ious, depressed, frustrated, overwhelmed, lonely, happy, connected).

Should there be short-term behavioral correlates of unfair treatment, they are likely linked to
the psychological conditions associated with discrimination. We thus include behavior features
that are reported to correlate with any of the mental health and affect measures noted above.
In what follows, we first describe steps we took, preparing the data we collected (see Section 4
for information on the data being collected). We then detail the behavior features and how we
operationalized them in our work. Figure 5 summarizes the rationale informing our choice of
outcome measures as well as behavior features. It also depicts the sensors relevant to each feature.

5.1 Data Preparation

We include all survey and sensor data available in our analysis. We calculate features daily (12am-
12am) as well as for four different epochs of the day (following the method in [76]): night (12am-6am),
morning (6am-12pm), afternoon (12pm-6pm), and evening (6pm-12am) (Section 5.2). The only
exceptions are steps and sleep, for which we only calculate daily values, because Fitbit provides
aggregate information only. Moreover, Fitbit devices drop detailed per minute step information,
keeping only daily aggregate values, if they are not regularly synced with the phone. Unfortunately,
irregular sync was a common issue in our data and prevented us from reliably calculating step
counts for epochs. We calculate simple statistics (i.e., mean) of values in different epochs as a global
representation of the features, when relevant. We use this global representation for our long-term
analysis (Section 6.6).
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Fig. 5. Based on the stress process model in Figure 1, discrimination, as a daily or chronic stressor (top level),
is associated with psychological distress, e.g., depression or anxiety (level 2). These psychological conditions
have a variety of behavioral manifestations (level 3) that are linked to behavior features in categories defined
in Section 2.2 (level 4) and derived from passively sensed data (level 5).

5.2 Behavior Features

We calculated features capturing aspects of participants’ behavior from passively-sensed data, as
summarized in Table 6. We used the AWARE feature extraction library originally developed by [14]
for feature calculations, as described below.

Physical Activity. We operationalize physical activity in terms of daily number of steps, collected
by the Fitbit. We also consider type of activity. Activity recognition algorithms on both Android
and iOS platforms infer types of activity (walking, running, on bicycle, in vehicle, and still) with
reasonable accuracy. We additionally operationalize the level of physical activity in an epoch
(e.g., daily, or morning) in terms of the most common activity in that time period.

Phone Usage. We represent phone usage based on duration. We use duration and its aggregate
information (i.e., min, max, mean, and standard deviation) for interaction and unlock periods, defined
based on [3]. Interaction is the period between screen status going from unlocked to off or locked,
whereas unlock period is the period of status change from unlocked to locked. We additionally
include the timing of the first and last screen on and unlocked as well as the last locked events.

Social Interactions. We use the number of incoming, outgoing, and missed calls, as well as the
duration of incoming and outgoing calls, to capture social interaction behaviors.

Mobility. We operationalize mobility (or lack of it) as follows: variability in location latitude
and longitude (i.e., location variance), extent of the area being traveled (i.e., radius of gyration),
total distance traveled and its descriptive statistics (min, max, mean, and standard deviation),
variability in time spent in locations visited (i.e., location entropy), number of distinct locations
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Table 6. Sensor features. Daily averages within the duration of the study are considered as global features for
the starred (*) items.

Relevant Behavior Features Sensor

Physical Activity most common activity; Activity
number of steps* Steps

Phone Usage length™ and its min, max, mean, and standard deviation of interactions or | Screen
unlocks; first time turned on/locked each day; last on/locked/unlocked
each day;

Social Inateractions number of incoming/outgoing/missed calls*; duration of incom- | Call
ing/outgoing calls*

Mobility number of changes in activities*; number of activities™; Activity

location variance®; radius of gyration®; total distance traveled” and its | Location
descriptive statistics (min, max, mean, standard deviation); location
entropy™; number of distinct locations visited; circadian movement™;
number of transitions between different locations®; percentage of time
in motion*; length* of stay in different locations and its descriptive
statistics (min, max, mean, standard deviation); time* spent at top three
most visited locations; time* spent at rare locations

Sleep total time in bed”; total time asleep*; number of sleep periods; minutes | Sleep
to fall asleep/awake/asleep™ and onset of the main sleep and other sleeps
in aggregate

visited, regularity in locations visited (i.e., circadian movement), number of transitions between
different locations, percentage of time in motion, length of stay in different locations and its
descriptive statistics (min, max, mean, and standard deviation), time spent at top three most visited
locations, and time spent at rare locations. We also consider the number of different activities and
number of changes in the type of activity, where higher values are related to a more varied use of
time (e.g., riding a bus, then walking, then sitting).

Sleep. We use daily duration and counts of sleep and time spent in bed as well as duration in-bed,
awake, or asleep, and the time of sleep onset for the main sleep period, and other sleep periods in
aggregate.

6 ANALYSIS

We analyze both long-term and short-term relationships between unfair treatment and psychological
health. The data we use in our analysis can be considered in three main categories that are separately
operationalized for long-term and short-term analysis:

e Measures of unfair treatment hypothesized to predict differences in mental health and behavior.

e Indicators of psychological state as well as behaviors related to those states, as outcome
variables, hypothesized to be associated with the predictor variables.

e Resource metrics hypothesized to moderate the relation between predictors and mental health
in the long run. In other words, these can reduce or eliminate the relationship between unfair
treatment and mental health.

Our basic approach to long-term analysis (RQ1 and RQ2) leverages linear regression [24].
Specifically, we model the relationship between exposure to/severity of unfair treatment and
outcomes. We use hierarchical linear modeling (HLM) for short-term analysis (RQ3 and RQ4).
HLM is an extension of linear regression in which units (e.g., individuals, schools, communities)
are correlated and share common features. For our analysis, we use a two-level model in which
individual participants, who were repeatedly sampled over time, are clustered within themselves.
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HLM allows for flexibility in how change over time is modeled such that these models can fit
discontinuous and non-linear changes. Additionally, HLM models do not require that individuals
report the same number of observations over time and thus can handle an unequal number of
observations per person and uneven spacing between observations [35].

Because of the complexity of the study, there are important challenges to address in the analysis:

e Selecting variables, e.g., from over 400 behavior features generated from our data
e Dealing with the potential for overfitting and/or type I errors (false positives)
o Applying statistical methods to capture change in reaction over time

Considering the inter-related nature of the variables and the sheer number of them, we have
to be careful not to overfit. Thus, much of our analysis methodology deals with strategies for
reducing the number of regression models we create and the variables we include in those models.
These methods were developed with the help of statistics experts and all choices are driven by a
combination of statistical analysis and hypotheses generated from the literature. Because of the
exploratory nature of our analysis, and the many variables that we have, we often perform multiple
comparisons. We have used the Benjamini-Hochberg procedure [5] to account for multiple testing
for each group of tests by correcting p-values to limit false discoveries.

In the following sections we provide further details on operationalization of variables for long-
and short-term analysis and our multi-step process for model construction in each case.

6.1 Operationalization of Variables for Long-term Analysis

Unfair treatment (RQ1 and RQ2). Presence/absence of a report of unfair treatment (exposure)
and proportion of such reports (severity) over the duration of the study.

Mental and psychological health (RQ1). Scores from CES-D [55] for depression, STAI [27] for
anxiety, PSS [10] for stress, and UCLA Loneliness [57] for loneliness.

Behaviors (RQ2). Features aggregated over the entire duration of the study and drawn from
six sensors in five different categories that the literature suggests are relevant to mental health
measures considered here (Table 6).

Resources (RQ1). Scores on 2-way SSS [63] for social support, MAAS [7] for mindfulness, ERQ
[22] for emotion-regulation, BRS [66] for resilience, and CHIPS [9] for physical health.

6.2 Operationalization of Variables for Short-term Analysis

Unfair treatment (RQ3 and RQ4). Exposure to discrimination on a particular date is used to label
all associated data with respect to the timing of unfair treatment events; the question we asked
about unfair treatment had an explicit timeframe that allows us to exactly identify day 0 (day of the
event). Thus, we can consider self-reported or passively-sensed measures on day 0 across all reports
of unfair treatment, do the same for day 1, day 2, and so on. We can likewise consider self-reports
and sensor values for all dates for which no unfair treatment was reported as day 0 for a non-unfair
treatment event, and do so similarly for day 1, day 2, and so on. We can then check for significant
differences when participants report unfair treatment and when they do not on day 0, day 1, and
so on. We note that some of the unfair treatment our participants faced might have occurred on
days our survey did not specifically ask about, due to the frequency of the surveys (twice weekly).
Thus, while we can accurately identify day 0 for all reported unfair treatment, we cannot be sure
that a second incident of unfair treatment did not occur on day 1, 2, and so on. Should this happen
frequently, it is possible it might increase the size or length of the impact of unfair treatment.
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Fig. 6. Pre and post scores of mental health indicators. The scores obtained at the beginning vs. the end of
the study have differences with small to negligible effect sizes as measured with Cohen’s d.

Mental and psychological health (RQ3). Ratings from a simple question on momentary affect
including anxiety, depression, frustration, feeling overwhelmed, loneliness, happiness, and feeling
connected (Table 3).

Behaviors (RQ4). Behaviors are operationalized as features calculated using the passively sensed
data. We group the features into the five categories that the literature suggests, described in
Section 5.2. Each category contains multiple measures calculated daily, and for epochs of the day
(e.g., morning or night) as explained in Section 5.

6.3 Removing redundancy in Pre and Post Scores

Measures of mental health, social experiences and coping resources were all administered in both
pre and post questionnaires. We do not expect experiences of unfair treatment to only happen
during the study. Moreover, given the duration of the study, we would not expect discrimination
that occurs only during the study to impact long-term mental health. Thus, we do not expect
mental health scores to change significantly from pre to post. We verify the hypothesis that the
difference in scores on relevant scales from pre to post is unimportant, using a repeated measure
ANOVA analysis, comparing pre and post scores for depression, anxiety, stress, and loneliness. The
differences are all small or negligible based on Cohen’s d measure of effect size (Figure 6). The same
is true for scores of social support, mindfulness, emotion regulation, resilience, and health. For this
reason, we only use post scores of each measure in our analysis. In addition, we do not control for
depression, anxiety, stress, or loneliness scores at the beginning of the study (i.e., pre scores) in our
models. Given that the difference between the pre and post scores is negligible, using pre scores in
regression models for the post scores would explain most of the variation. This is justified since
using pre scores is almost equivalent to using the post scores themselves as predictors in the model.

6.4 Selecting Resources

Resource selection is done for the analysis of long-term measures of mental health (RQ1), and is
based on how well the resources explain the variations in these measures. The goal is to focus
on resources that have a strong overall relationship with mental health. We use linear regression
to determine this. Table 7 shows those factors that are significantly related to each measure of
mental health. Resilience is significantly related to all measures of mental health. Social support,
mindfulness, and physical health explain variations in most of the measures.
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Table 7. List of resource factors obtained from post questionnaire that are significantly related to post
measures of mental health. These factors can moderate the strength of the relationship between unfair
treatment and mental health.

Measure of Mental Health | Resources in Dealing with Unfair treatment

Depression (CES-D) Social support (2-way SSS), mindfulness (MAAS), resilience (BRS), health (CHIPS)
Anxiety (STAI) Social support (2-way SSS), mindfulness (MAAS), resilience (BRS), health (CHIPS)
Stress (PSS) Resilience (BRS), health (CHIPS)

Loneliness (UCLA Loneliness) | Social support (2-way SSS), mindfulness (MAAS), resilience (BRS)

Table 8. Global behavior metrics associated with mental health (i.e., depression, anxiety, stress, and loneliness).
These metrics have the largest combined coefficients in ridge linear regression models in relation to measures
of mental health (details in Section 6.5).

Global Behaviors Related to Mental Health
Physical Activity =~ Number of daily steps
Phone Use Number of minutes phone is unlocked (night)
Social Interactions Number of outgoing calls (night)
Mobility Number of activities (night)
Time spent in the second most visited location (morning)
Sleep Minutes in bed (main sleep)

6.5 Selecting Behavior Features

The behavior features considered as outcomes must be reduced to avoid an excessive number of
comparisons that increase the chance of type I error. Our approach to selecting long-term features
is to use coefficients of ridge linear regression models to order and select features, stratified over
sensors so that each sensor is represented by one feature. We consider the mental health variables
instead of unfair treatment in these ridge linear regression models to avoid overfitting to our final
predictor variable (i.e., unfair treatment). This allows us to identify a subset of behavior metrics that
can explain variations in measures of mental health. Since there are multiple measures of mental
health, we use separate models for each measure, add together the absolute values of coefficients
from these models and pick the behavior metric with the largest coefficient per sensor. Also, we
normalize feature values to have zero mean and unit variance to ensure coefficients can be compared
across features. The selected long-term behavior features are listed in Table 8.

We use a related approach for selecting short-term behavior features, that is less sensitive to
missing values. Instead of using regression, we calculate pair-wise correlations between all behavior
metrics and all affect ratings, and sum the absolute values of the significant correlation coefficients
as a measure of the overall importance of a behavior metric. We consider the top five metrics
(when available) for each sensor for further analysis, which leads to between 10 and 1 features per
category of behavior as defined in Section 5.2 (Table 9).

6.6 Models of Long-term Relations

The final analysis addressing RQ1 is performed using linear regression models for pairs of an
unfair treatment variable as a predictor (exposure or severity), and a mental health measure as
an outcome (depression, anxiety, stress, loneliness). That is, we have a total of 2 predictors X 4
outcomes = 8 models. We additionally include interaction terms with resource variables selected
for each measure of mental health, leading to 16 total models.

With respect to RQ2, we build separate linear regression models for each unfair treatment
variable (as predictor, i.e., exposure and severity) and the global behavior metrics selected above (as
outcomes) (Table 8). This resulted in 12 models (two predictors by six outcome variables).
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Table 9. Daily behavior metrics associated with affect ratings (i.e., ratings of momentary anxiety, depression,
frustration, feeling overwhelmed, loneliness, happiness, feeling connected). These are grouped by categories of
behaviors literature suggested as relevant to psychological distress. These metric are considered as outcomes
in relation to unfair treatment.

Daily Behaviors Related to Affect Ratings
Mobility Social Interactions Sleep
Number of changes in activity Number of calls Minutes sleep
Number of changes in activity (afternoon) Number of calls (evening) Minutes sleep (main sleep)
Number of activities Number of incoming calls (evening) Minutes in bed
Number of activities (afternoon) Number of outgoing calls (evening) Minutes in bed (main sleep)
Number of activities (evening) Number of missed calls Sleep duration (main sleep)
Percentage of time in motion Phone Usage Physical Activity
Percentage of time in motion (afternoon) ~ Number of unlocks per minute (night) Number of steps
Circadian movement Number of minutes interacting with phone
Circadian movement (afternoon) Number of interactions with phone
Percentage of time at home (night) Number of interactions with phone (morning)

Number of interactions with phone (afternoon)

Given the sensitivity of linear regression to extreme value,s we remove outliers from the analysis
pertaining to RQ1 and RQ2. We remove samples that fall outside three standard deviations of the
mean number of instances of unfair treatment (counting only people with one or more instances
of such treatments in calculating the mean). The rationale is that other factors might confound
perceptions of individuals reporting unfair treatment at such high rates.

6.7 Models of Short-term Relations

We create HLMs with unfair treatment exposure as the predictor with affect ratings as outcomes
(7 models in total, see Table 3 under Affect). We also model the relationship of unfair treatment
exposure and passively-sensed metrics of behavior as outcomes (26 models in total, see Table 9).
These models, respectively, address RQ3 and RQ4. All models also include time as both a fixed
and a random effect, as this type of data changes substantially over the course of the study. All
33 models are calculated on each day from day 0 to day 6 of the unfair treatment incident. As
a reminder, the multiple comparisons are addressed in our assessment of significance using the
Benjamini-Hochberg procedure. For the most part, our results section does not mention results
that were not significant (unless highly relevant to the point being made).

6.8 Implementation

We use Im (from stats package [54]) and Ime (from nlme package [52]) in R [54] for linear regression
and hierarchical linear regression modeling respectively.

7 RESULTS

Our results indicate both short-term and long-term associations between experiences of unfair
treatment and psychological distress. We also observe short-term differences in behaviors, in
relation to reports of unfair treatment. We detail our findings in the following subsections, organized
according to the research questions in Section 3.

7.1 RQ1: Is Unfair Treatment Associated with Differences in Mental Health?

In response to RQ1, we examine whether we can reproduce some of the existing knowledge on
the relationship between unfair treatment and mental health. As shown in Table 10, the severity
of unfair treatment is significantly linked to all four measures. Exposure is also linked, but less
consistently and with lower significance. More specifically, recall our interest in confidence and
magnitude. With respect to confidence, the results are significant. With respect to magnitude, the
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Table 10. Relationships between indicators of mental health and measures of unfair treatment, based on
regression models, with mental health indicators as outcomes whose variations are explained by measures
of unfair treatment as predictors. The regression coefficient estimates (b), their standard error (SE), and
p-value are reported. The larger the regression coefficients (b) for each measure, the stronger the relationship.
Therefore, relationships with unfair treatment severity are much stronger than unfair treatment exposure.

Mental Health Indicator Unfair treatment b SE p-value
CES-D depression exposure 3.17 152 0.038
severity 31.93 12.51 0.012
STAI anxiety exposure 3.44 179  0.057
severity 37.52 14.80 0.012
PSS stress exposure 1.04 095  0.277
severity 15.63 7.84 0.048
UCLA loneliness exposure 349 1.6 0.033
severity 37.15 13.34 0.006

100
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CES-D Depression Score
Fig. 7. Interaction between social support and exposure to unfair treatment in relation to depression. The

magnitude of the slope of association for the group reporting unfair treatment is larger, indicating that the
students have worse depressive symptoms with reduced social support.

regression coefficients (b) are small for exposure, but are much larger for severity vs. exposure to
unfair treatment for each measure. We can further quantify this in terms of predicted impact on
mental health scores. For example, our results suggest an increased depression score of ~3 and ~37
for a unit of increase in exposure and severity, respectively. This translates to going from ‘no to
mild depressive symptomatology’ to ‘severe depressive symptomatology’ if repeatedly exposed
to unfair treatment. This is aligned with the existing reports that repeated experiences of unfair
treatment lead to a larger decline in mental health status (e.g., [44, 47]).

We do not find any significant main effect of exposure or severity of unfair treatment on scores
of depression, anxiety, stress, or loneliness in models that additionally include resource factors
(i.e., social support, mindfulness, resilience, or health). The shared variance with these other
predictors limits the unique contribution of unfair treatment. That is, these factors explain much
of the variation in mental health (Table 11 summarizes the results; Table 7 lists the resources
considered). For example, people with low scores on resilience and mindfulness, who experience
health issues, are more depressed, independent of whether or not they have experienced unfair
treatment, or how severe their experience has been. This is consistent with other research on the
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Table 11. Significant relationships between measures of mental health as outcomes, and unfair treatment
and resources as predictors. b’s (regression coefficient estimates), their standard error (SE), and p-value are
reported. Highly significant results are shown in bold, while the significant ones are italicized. Resilience and
physical health are among the most important predictors of mental health.

l Outcome Predictors l b l SE l p-value ‘
CES-D depression Exposure to unfair treatment 8.210 8.297 0.324
MAAS mindfulness -3.018 | 0.997 0.003
BRS resilience -4.436 | 1.187 <0.001
CHIPS health 0.253 0.064 <0.001
Exposure to unfair treatment X 2way SSS social support | -0.155 | 0.069 0.027
CES-D depression ~ Severity of unfair treatment 120.549 | 94.846 | 0.206
2way SSS social support -0.083 0.041 0.045
MAAS mindfulness -1.866 0.830 0.026
BRS resilience -3.722 | 0.975 <0.001
CHIPS health 0.258 0.053 <0.001
STAI anxiety Exposure to unfair treatment 19.643 | 11.216 | 0.082
MAAS mindfulness -3.248 | 1.348 0.017
CHIPS health 0.223 0.087 0.011
STAI anxiety Severity of unfair treatment 212.648 | 126.749 | 0.095
MAAS mindfulness -2.415 1.109 0.031
CHIPS health 0.222 0.070 0.002
PSS stress Exposure to unfair treatment -0.615 | 3.913 0.875
BRS resilience -4.167 | 0.745 | <0.001
CHIPS health 0.116 0.041 0.005
PSS stress Severity of unfair treatment 33.019 | 37.763 | 0.383
BRS resilience -3.832 | 0.613 <0.001
CHIPS health 0.130 0.032 <0.001
UCLA loneliness ~ Exposure to unfair treatment -5.750 | 7.595 0.450
2way SSS social support -0.238 | 0.059 <0.001
MAAS mindfulness -2.836 1.064 0.008
BRS resilience -4.756 | 1.295 <0.001
UCLA loneliness  Severity of unfair treatment -31.101 | 67.304 | 0.645
2way SSS social support -0.275 | 0.045 | <0.001
MAAS mindfulness -2.481 0.867 0.005
BRS resilience -3.397 1.048 0.001

relationship between these factors and depressive symptoms (e.g., [33]). Given people’s experiences
of unfair treatment may not be limited to our study, there is a possibility that unfair treatment is
related to resource depletion, as suggested by the association between exposure to unfair treatment
and health (people exposed to unfair treatment are less healthy; b = 0.01, p-value=0.015). This
matches the reports that diminished physical health is often an early sign of stress effects (e.g., [47]).

We did not find any significant interaction effect except between social support and exposure to
unfair treatment in relation to depression (b = -0.15, p-value=0.027); people who reported unfair
treatment, and scored lower on social support, reported higher levels of depression (Figure 7). This
is aligned with the differential reactivity hypothesis for the impact of unfair treatment as also
reported elsewhere (e.g., [42]): having social support buffers some of the psychological distress
of unfair treatment. This significant buffering effect suggests promising directions for program
support and interventions.
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Fig. 8. Ratings of feeling depressed and frustrated (1: not at all, 5: extremely) 6 days before and after reports
of unfair treatment. Day of unfair treatment is at zero. The following days come on the right as positive
numbers and the days before come on the left as negative numbers. There is a large peak on the day of the
report which lasts an additional day but then more or less dies off.

Overall, our findings support our model of the relationship between discrimination and mental
health and the moderating impact of resources, as laid out in Figure 1.

7.2 RQ2: Is Unfair treatment Characterized by Differences in Global Behaviors?

In RQ2, we are interested in general differences in behaviors between people who have experienced
unfair treatment at least once during our study and those who did not experience such treatment.
Our analysis did not find global behaviors that demonstrate a high confidence relationship with
unfair treatment. None of our results were significant after applying the Benjamini-Hochberg
correction.

7.3 RQa3: Is Unfair treatment Associated with Changes in Daily Affect?

We look at the immediate response to unfair treatment in RQ3, and find strong (high confidence)
relationships with same-day and next-day daily reports of depression and frustration (Table 12).
Anxiety ratings are also higher on the day of the event. The magnitude of difference is larger for
depression and frustration than anxiety. Overall, people experiencing unfair treatment experience
higher levels of negative affect and psychological distress but do not differ in levels of positive
affect. This is consistent with earlier reports that discrimination is more strongly associated with
higher negative but not lower positive states [60]. Our results demonstrate higher confidence and
magnitude on the day of discrimination than the day after; experiences of unfair treatment lead to
~0.3 increase in ratings of both depression and frustration on the day of the event. On the day after
we have ~0.2 increase in the ratings.

For short-term measures, in addition to quantifying impact and confidence, we can look at how
impact changes over time. As noted, the psychological distress we observe in our participants
is stronger on the day of unfair treatment than the day after (larger b’s). We further examined
the associations on the following days and the distress returns to values in the absence of unfair
treatment on the second day (Figure 8).
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Table 12. Significant relationships between unfair treatment reports and metrics indicative of daily affect,
and passively sensed daily behavior (b: regression coefficient estimate, SE: standard error of the estimates).
Highly significant results are shown in bold.

Same-day Affect b SE p-value
Daily depression 0.29 0.06 <0.001
Daily frustration 0.28 0.07 <0.001
Daily anxiety 0.14 0.06 0.026
Next-day Affect b SE p-value
Daily depression 0.24 0.07 0.002
Daily frustration 0.21 0.09 0.025
Same-day Behaviors b SE p-value
Number of activities 0.11 0.06 0.049
Number of calls (evening) 0.57 0.29 0.048
Number of interactions with phone (morning) 5.19 2.42 0.032
Time in bed -13.57 6.85 0.048
Number of steps 554.53 276.16 0.045

7.4 RQ4: Does Unfair treatment have Daily Behavioral Correlates?

In terms of short-term relationships between unfair treatment and behavior in RQ4, we find that,
on average, people are more active and walk more (by ~500 steps), have more evening calls (~1
more), interact more with their phone in the morning (~5 more interactions), and spend less time
in bed (~15 minutes less). These behaviors are consistent with increased psychological distress that
we observed in affect ratings. As with affect, we have strong (though slightly weaker) confidence in
these results. We cannot directly compare the magnitude of the change across different measures
as each varies in a different range.

To explore the trend in these effects over time, we looked at a group of six behavior features and
three affect measures which had strong relationships to unfair treatment events (low p-values).
We calculated the confidence (p-value) that these variables would be different in the presence and
absence of discrimination reports on day 0, day 1, and day 2 of the unfair treatment report (Figure 9).
Our results demonstrate that most to all of the impact found in our data occurs on day 0 (the day
of unfair treatment). This effect then falls (p-values rise) within the next two days.

8 DISCUSSION

Our goal in this work is to better understand whether there are changes in people’s psychological
state and behavior associated with unfair treatment, particularly in the short-term. However, the
broader value of this work lies in our ability to learn from what we observe regarding opportunities
to improve the resources available to people, or even to intervene.

As described in our results section, overall, we see unfair treatment’s prevalence and its relation
to mental health reflects what is found in the literature. This is reassuring evidence of the quality
and representativeness of our sample and study procedures.

The novel contribution of our study lies specifically in our ability to understand the short-term
changes associated with unfair treatment in a situated fashion, which brings together self-reports
and passively-sensed behavioral data. Our results demonstrate a short-term change is present, and
that it affects all of the categories of data predicted by the literature, including activity, phone
use, social interaction, mobility, and sleep. Our results also demonstrate that the acute change
is short-lived, lasting about a day. In examining this data we see several important results that
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Fig. 9. Patterns of feature significance from the day before to two days after the discrimination event. The
shortest bars represent the highest significance values (e.g., depressed and frustrated on day 0; depressed on
day 1; morning screen use on day 2). There are no significant differences the day before. Most short-term
relationships exist on the day of the event, a few appear on the next day (day 1). On the third day one
significant difference, repeated, from the first day is observed.

have implications for the design of both individual and collaborative solutions, interventions, and
resources.

8.1 Quantifying the impact of Unfair Treatment

As we have argued, the ability to quantify impact is very important. Looking at short-term changes,
our study shows that unfair treatment most strongly hits participants within the first two days
after the experience. With respect to self-reports, changes of depression and frustration are the
strongest. We also see changes in a number of variables. The average changes found include
increased physical activity during the day (~500 steps), increased calls in the evening (~1 call),
increased interaction with the phone in the morning (by ~ 5 more interactions) and less time in
bed (~15 min less), all on the day of the event. This resolves fairly quickly (approximately within a
day). It should be noted that this average change may reflect an increase in variability, meaning
we cannot differentiate between a situation where a some people walk less but more people walk
more after unfair treatment, from a situation where everyone walks more. Our analysis technique
does not differentiate between a clear positive trend and increased variability and this should be
explored in future work.

Higher distress associated with reports of unfair treatment is consistent with its conceptualization
as a stressor. Some of the observed changes in behavior suggest how the stress response in such
experiences erodes the health resources with consequences for both mental health and academic
performance. For example, we observe disturbed sleep, which is inversely related to physical and
mental well-being [34] and can impact college students’ performance [51].
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Some of the other behavior patterns we observe suggests potential coping mechanisms people
employ to deal with the distress they experience. For example, increased interactions with the
phone or phone calls can indicate attempts for seeking social support. Increased phone use can
also be a self-regulatory behavior to withdraw attention from negative feelings to something else.
More steps may indicate increased physical activity possibly to reduce stress [1]. In future work we
would like to obtain further data to distinguish the nature of these in relation to coping, e.g., social
support seeking using phone calls or related behaviors such as social media use.

There are several possible applications of these results. First, it might be possible to detect or
quantify the magnitude of changes at the individual level (our current work only does this at
the group level). A tool that could communicate such information might be able to support self-
reflection or have value in a therapeutic context as a data source for discussion. Further, such a tool
could suggest coping strategies, such as seeking social support and self-monitoring of emotional
self-awareness. There is growing attention to tools and devices to support this kind of positive
behavior change and their potential to help prevent mild symptoms from developing into more
severe mental health problems [28, 61].

In future work, we plan to also explore intervention design. Expanding on the data we are
collecting for four additional years, this study will continue to ask more and better questions about
coping strategies that can further inform interventions.

8.2 A Social Model Perspective on Intervention

One of the most compelling goals for future work of a study like this is to find a way to influence
and reduce either the prevalence or impact of discrimination. However, it is problematic to think
that the only way to address discrimination is by expecting the person experiencing it to improve
their coping strategies.

We take a disability studies perspective here because it provides a critical eye onto who should be
responsible for inclusion (e.g., [36]). In particular, disability studies posits that the “medical model”
of disability (which situates responsibility in the body) is limited in its ability to solve problems. An
alternative, the “social model” argues that context is critical. Thus accessible technologies like curb
stops address disability at the societal level, rather than the individual level. Taking a disability
studies perspective on discrimination, we critique the instinct to focus solely on individuals. Efforts
to strengthen individual resilience are important, but should take place alongside structural change.
For example, educational institutions can take proactive stances, improve inclusiveness in classroom
and laboratory environments, and educate organization members about discrimination and bias.

A social perspective also underscores the value of a stress and coping perspective as these models
are inherently transactional [18], assessing both person and environmental factors in establishing
stress sources, effects, and solutions. This suggests the need for future work collecting better
information about unfair treatment context including who is involved and where it happens.

8.3 Discrimination in the Context of other Stressors

A social, transactional perspective of stress also suggests the value of considering discrimination
effects within a broader ecology of individual’s other chronic stressors, as well as protective
resources. For example, Prince et al. [53] found that while discrimination experiences in students
significantly worsened mental and physical health and school performance, other chronic life
stressors and protective resources influenced these effects. Importantly, there is social patterning of
stress (disparities for some groups in what they experience and also buffering resources, e.g., [15]).

The data we collected allows for a fuller consideration of student stressors within which dis-
crimination is embedded. In future work we plan to add other types of stressful life events to our
analysis, looking more deeply at their cumulative impact on student stress, behavior and outcomes.
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8.4 Computational Social Science

Another set of observations about our paper relates to the impact of technology on social science
research. We have demonstrated the enormous value of phone and wearable data collection for
characterizing the changes associated with social phenomena. However, the work of running our
study and analyzing our data required a very high level of computational fluency. We argue that
there is an opportunity for tools to better support this (e.g., [4]).

With respect to our specific modeling approach, we have quantified the relationship between
an event and self-reported or passively-sensed indicators of mental health over time using simple
linear regression analysis. However, our data is inherently non-linear and inter-related. In the
future, we hope to apply more advanced techniques that can account for the non-linearity and
model the inter-relations between various behavior. These models could lead to additional insights.

8.5 Limitations

Our study and data set provide opportunities to study a critically important set of issues. The effort
by both experimenters and participants that went into data collection was large and costly, and
we are grateful particularly to our participants for the gift of this data. Even so, there are always
opportunities for improvement.

Our question about discrimination was flawed because while it asked about ancestry and national
origin it did not directly ask about race-based discrimination. In addition, our picture of student
stress and its impact is necessarily incomplete. We cannot survey students as often as we would
like to get a complete picture. Also, students cannot be expected to wear Fitbits or carry phones
at all times (e.g., devices need to be taken off to be charged or may not be worn during intense
exercise). Moreover, what we measure has limited accuracy. For example, Fitbit devices do not
always accurately detect sleep, its onset, or length.

Another limitation of our data is that it is largely correlational, limiting confidence as to causation.
However, we do have the benefit of time-ordered data, e.g., changes in behavior and affect that
occur after discrimination for multiple timepoints of EMAs. At present we are able to show trends
in responses over both the sample and subgroups and are moving toward longitudinal analysis.
These data are not yet usable, for example, to automate detection of discrimination impact for
individuals, although future work may support this.

Finally, given the large number of analyses we ran, there is a chance that our estimates of
significance are over confident. We took many precautions to reduce this risk, but our results ideally
should be replicated in another study; this is something we plan to do in the future.

Even with these limitations we believe that the data provides important insights about the
relationship between unfair treatment (both situational and cumulative) and behaviors as well
as psychological distress, and suggests important next steps for addressing the impact of unfair
treatment.

9 CONCLUSION

Understanding how day-to-day experiences of discrimination impact psychological state helps us
to reason about the processes through which such experiences lead to deteriorated mental health.
We identified patterns of self-reported and passively-sensed behaviors in relation to discrimination
events in a sample of college students. Our findings illustrate the complexity of response to
discriminatory encounters and that it changes over time.

Educational institutions are characterized by dominant attitudes and behaviors. Some disciplines
are particularly vulnerable to gender, race, and nationality bias, including engineering [62], a
discipline from which half our participants were drawn.
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We believe that it is critically important to study these issues in the educational context, a senti-
ment recently argued in an NSF (National Science Foundation) Dear Colleague Letter encouraging
research in sexual and other forms of harassment in STEM contexts?. The pervasiveness of these
experiences was a surprise to our team, and addressing them is critical to creating a diverse and
informed workforce. As Bill and Melinda Gates said in their recent Annual Letter?, data is sexist
(and racist) and the biases inherent in the data we collect are necessary, indeed critical to address.
This study is a first attempt to do so, and we hope to contribute to the development of this domain
as an important topic of study for computational researchers.
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