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 Does subjective stress really cause crime? Revisiting a foundational criminological 
question  
 
ABSTRACT:  

We all “know” stress is bad and chronic stress is worse. But does stress cause crime? We 
revisit this foundational criminological question with a “back-to-basics” descriptive approach. 
Grounded in stress process theories and leveraging modern analytic tools (e.g., directed acyclic 
graphs; ordinal and Bayesian multilevel modeling), we describe the prevalence of subjective 
stress and item-level associations between subjective stress, negative emotions, and criminal 
intentions in two-wave panel survey data from adults in Dhaka, Bangladesh (n = 978 responses; 
489 participants). Between-person findings are largely consistent with stress deficit expectations, 
as respondents who report more stress also are more likely to report criminal intentions and 
negative emotions. However, within-person results show changes in stress are reliably associated 
only with changes in negative emotions and not with criminal intentions. Residents of low-SES 
urban communities report more stress, but analyses exploring community heterogeneity in 
within-person correlations are weakly consistent with stress amplification expectations only for 
theft intentions and no other offenses. Between-person, but not within-person, indirect effect 
estimates from mediation models appear consistent with strain theory expectations. Overall, the 
foundational question of whether stress causes crime remains unsettled, though the descriptive 
results raise additional interesting questions and point to pathways for future research. 
  

SUBJECTIVE STRESS AND CRIME 

2 
 

1 | INTRODUCTION 
The claim that stress causes crime or criminogenic emotions, and that chronic stress is 

particularly problematic, is disseminated broadly by public health websites (cf. CDC, 2020; 
Crisis House, 2022; Jones, 2022). Agnew’s general strain theory, which posits an explanatory 
framework for understanding reasons and conditions under which stress causes crime, is widely 
taught across criminological curricula; it is also frequently subjected to empirical testing, with 
published results often reporting at least qualified support for its core predictions (Dooley and 
Goodison, 2020). Yet, after decades of research on the topic, a clear criminological consensus on 
an incontrovertible answer to the question of whether stress causes crime remains elusive. 
Despite its status as a staple in criminology textbooks, many expert criminologists and the 
general public alike remain skeptical of the causal relevance of stress and of general strain theory 
to explaining criminal behavior (cf. Cooper, Walsh, and Ellis, 2010; Gabbidon and Boisvert, 
2012). Likewise, we find ourselves intrigued by the intuitiveness of general strain theory and yet 
skeptical of its empirical status.  

One way to build scientific consensus around the empirical status of a theory is by 
accumulating critical tests of the theory’s central causal mechanisms (cf. Tittle, 1995, 2000; 
Proctor and Niemeyer, 2019). Yet, despite significant strides by criminologists advancing 
research on biophysiological “stress response” processes (e.g., Schwartz et al., 2020; Schwartz et 
al., 2023), general strain theory remains vague about the mechanisms presumedly intervening 
between experiences with external stressors (objective strains), consequent subjective 
perceptions of stress (subjective strains), and ultimate (non)criminal decision-making (cf. Proctor 
and Niemeyer, 2019: 244-9). Theoretical ambiguity limits the potential for building scientific 
consensus via hypothesis testing, which requires the accumulation of severe tests of precise, 
risky hypotheses (Meehl, 1967; 1990; Mayo, 2018). Since many social scientific theories are 
incomplete or ambiguous, social scientists often lack precise theoretical predictions to test, yet 
many continue to conduct hypothesis testing even though doing so may be unwarranted and 
perhaps even counterproductive (Scheel et al., 2021). For example, a lack of consensus over 
general strain theory’s empirical status might partly reflect collective doubts about whether field-
typical tests should be interpreted as valid or convincing evidence for the theory, particularly 
when research typically documents correlations between self-report survey measures of the 
theory’s concepts, but underlying stress response mechanisms are not themselves directly tested.  

In such situations, shifting research aims from testing to description, with the express 
goal of documenting robust phenomena, might stimulate needed theoretical progress (Eronen and 
Bringmann 2021).1 Moreover, precise quantitative descriptive research can be quite valuable 
even in scientifically immature areas where concepts are routinely measured imprecisely with 
nominal or ordinal variables (Tukey, 1969; Cohen, 1994), as is common in criminology. 
Likewise, our goal here is to present such “back-to-basics” descriptive research in pursuit of 

 
1 Another approach is to elaborate, integrate, or invent new theories that clearly identify causal mechanisms and then 
subsequently test precise predictions involving those mechanisms (Tittle, 1995; Proctor and Niemeyer, 
2019).Though we keep our review of stress process and general strain theories below intentionally brief, we point 
interested readers to our supplemental review (available at: https://reluctantcriminologists.com/supp/bdk-supp/) 
of research on “stress response” mechanisms that might plausibly underlie the specific theoretical expectations we 
discuss here (e.g., stress deficit; stress amplification). While some readers might find that supplemental review 
helpful for conditionally interpreting results of our descriptive analyses, we hope it ultimately encourages future 
theoretical elaborations, precise predictions, and severe tests of those predictions. 
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documenting robust phenomena relevant to a fundamental criminological research question: 
Does subjective stress cause crime?  

Framed by research questions derived from stress process theoretical expectations, we 
document correlations between self-reported subjective perceptions of stress, negative emotions, 
and criminal intentions. The manuscript is presented as a broad overview of key findings from 
descriptive analyses of two waves of survey data collected from adults in Bangladesh, with 
additional information found in an online supplement accompanying this manuscript. We begin 
with a brief review of some theoretical expectations from the stress process and general strain 
theories that guided the development of our research questions and descriptive analysis. 

 
2 | STRESS PROCESS THEORIES  
2.1 | The stress process model 

Four decades ago, Pearlin and colleagues (1981) developed the foundation for a stress 
process model that remains widely used in sociology today (cf. McLeod, 2012; Aneshensel, 
2015; McEwen and McEwen, 2017) and boasts paradigmatic status across an array of social and 
health-related disciplines (Wheaton, 2009; Wheaton, Young, Montazer, and Stuart-Lahman, 
2013; Pearlin and Bierman, 2013). A central thesis is that exposure to stressors, if not mitigated 
by social supports or other intervening processes, can result in the subjective experience of 
stress. “Stressors” include the “broad array of problematic conditions and experiences that can 
challenge the adaptive capacities of people,” and they may take the form of “disruptive events” 
or “more persistent hardships and problems built into the fabric of social life” (Pearlin, 2010: 
208). Meanwhile, consequent “stress” may manifest itself in a host of observable detrimental 
outcomes at various levels, ranging from the cellular to neurobiological, systemic, psychological, 
and behavioral levels (Pearlin et al., 1981; Pearlin, 2010).  

The stress process perspective also emphasizes the causal salience of social location and 
stratification. External stressors – and their associated subjective stress levels and other 
detrimental consequences – are not distributed randomly but tend to cluster instead in time and 
social space. For instance, exposure to one stressor often leads to stress proliferation or a host of 
subsequent secondary stressors. Additionally, those who are socially and economically 
disadvantaged face the greatest risks of exposure to the clustering or proliferation of potent 
stressful events as well as to systemically or chronically stressful conditions (Pearlin, 2010; 
Pearlin and Bierman, 2013). Likewise, the stress process model views socioeconomic 
stratification of health and psychosocial outcomes as rooted in increased stress exposure and a 
relative lack of effective coping resources among groups in disadvantaged social locations.  
2.2 | General strain theory 

Agnew’s (1992; 2006a) general strain theory integrates insights from the stress process 
literature (e.g., Pearlin and Schooler, 1978; Pearlin and Lieberman, 1979; Pearlin, 1982) with 
core ideas from early strain theories in criminology (Merton, 1938; Cohen, 1955; Cloward and 
Ohlin, 1960) to explain individual differences in aggressive and criminal behavior. Following its 
foundational statement (Agnew 1992), general strain theory quickly became one of the dominant 
theoretical perspectives in criminology (Wright, 2000). Overall, while the evidence base for 
general strain theory appears somewhat mixed, with numerous studies identifying issues or 
reporting qualified support for the theory (e.g., Tittle, Broidy, and Gertz, 2008; Botchkovar, 
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Tittle, and Antonaccio, 2009), others routinely have claimed support across a range of contexts 
and outcomes (e.g., Baron, 2004; Agnew, 2006b; Link, Cullen, Agnew, and Link, 2016). 

General strain theory’s core arguments largely parallel those found in the stress process 
model. First, both posit that exposure to external stressors (aka, objective strains), if not 
mitigated by social supports or other intervening processes, can cause the subjective experience 
of stress (aka, subjective strain). Second, both posit that subjective stress, in turn, results in 
negative emotional responses such as anger and depression and potentially maladaptive or 
undesirable behavior. We refer to this as the stress deficit expectation. 

General strain theory also posits that negative emotions often create pressure for 
corrective action and that some individuals reactively engage in criminal behavior as a means of 
coping with the negative emotions caused by subjective stress. We refer to this as the mediation 
expectation. Agnew (2001: 325, 343-7) further argues that certain stressors, including 
problematic family and peer relationships, financial hardships, work-related problems, and 
criminal victimization, are especially likely to trigger the potent negative emotions that can cause 
criminal behavior. This is because such stressors presumably are especially likely to be 
subjectively experienced as high in magnitude, to be perceived as unjust, and to be associated 
with the proliferation of stressful experiences or with chronic exposure to stress (Agnew, 2013). 
Also, certain stressors may elicit instrumental motives to cope in specific ways. For instance, 
financial hardships may trigger motives or intentions to engage in economic crimes like theft, 
whereas relational stress may cause violent intentions (Mazerolle and Piquero, 1998; Agnew 
2006b; Felson et al., 2012). 

General strain theory also identifies chronic stress exposure as especially problematic – 
that is, as more likely to be subjectively experienced as stressful and to elicit problematic 
emotional and behavioral outcomes. The theory also identifies lower-SES urban areas as 
particularly vulnerable social locations where chronic stress exposure may be especially 
prevalent, exacerbating the subjective experience of stress, and amplifying the chances of 
problematic emotional and behavioral responses (e.g., Agnew 1992: 60-61; 2001: 334; see also 
Kaufman, Rebellon, Thaxton, and Agnew, 2008; Botchokar, Tittle, and Antonaccio, 2013). We 
refer to these as stress clustering and stress amplification expectations.  

Agnew, citing Bernard (1990), presents an example of these expectations when 
suggesting “that poor, inner-city residents have higher rates of violence not only because they 
experience more objective strains but also because they are more sensitive to such strains” (2001: 
322). Agnew also references Thoits’ (1995) review of evidence concerning “differential 
vulnerability” in the stress and coping literature, in which she states, “that members of 
disadvantaged social groups are especially vulnerable or emotionally reactive to stressors” 
(p.55). Likewise, Agnew (2001: 334) draws from Anderson’s (1999) urban ethnographic 
research to highlight how “seemingly trivial strains like a negative remark or a stare often 
generate much distress among inner-city residents, partly because they signal future conflicts of a 
more serious nature” (2001: 334).  
 
3 | RESEARCH QUESTIONS 

Our theoretical review of stress process theories generated several research questions 
related to expectations about social distributions and correlates of stress that we hope to answer 
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with our descriptive analyses of survey data. Recall, our goal here is to describe stress/outcome 
correlations in survey data precisely and transparently with the hopes of documenting robust 
phenomena that might encourage future theoretical elaborations, precise predictions, and severe 
tests of those predictions.  
3.1 | RQ1: Stress clustering 

The first question asks about the relative frequencies of subjective stress reports. It is 
separated into two parts to differentiate between overall subjective stress distributions and 
differences in relative frequencies across social locations (stress clustering). We will answer 
these questions by examining ordinal distributions of specific subjective stress items.  

RQ1A (Stress distributions): How often did participants report stressing or worrying 
about financial, relational, occupational, or victimization issues? 
RQ1B (Stress clustering): Do reported levels of subjective stress vary systematically 
across rural/urban communities with high/low aggregate SES? Specifically, do residents 
of low-SES urban communities report more frequently stressing or worrying about these 
various potential sources of stress? 
Ample research suggests that residents of socioeconomically disadvantaged communities 

are (1) more chronically exposed to potent stressors such as poverty, physical decay, social 
disorder, and victimization; (2) display more physiological indicators of allostatic overload, have 
poorer health, and report higher levels of subjective distress, and (3) are at greater risk of 
experiencing depression, crime, and other psychopathological outcomes (e.g., Sampson, 
Morenoff, and Gannon-Rowley, 2002; Silver, Mulvey, and Swanson, 2002; Matheson et al., 
2006; Shulz et al., 2012; Robinette et al. 2016). We begin by assessing whether similar patterns 
are observed in this sample of Bangladesh adults.  
3.2 | RQ2: Stress deficit  

The second question asks whether there is a positive bivariate association between 
subjective stress and two theorized outcomes – criminal intent and negative emotions. We 
described this as the stress deficit expectation, which asserts subjective stress monotonically 
increases undesirable outcomes under certain moderating conditions. Given logical 
inconsistencies (Proctor and Niemeyer, 2019: 244-9), potential endogeneity (Paternoster and 
Mazerolle, 1994), and mixed empirical evidence (Tittle, Broidy, and Gertz, 2008; Willits, 2019) 
concerning posited effect moderators, we do not focus on those different conditions. Rather, we 
generate estimates of unadjusted and community-specific differences (aka, “total effects”) 
averaged across the various conditions experienced by participants. 

RQ2: Is subjective stress positively associated with self-reported criminal intent and 
negative emotions? 
Note the question asks about criminal intent instead of criminal behavior. While our 

survey data contain items measuring criminal intentions and behaviors, the intention items 
provide better leverage over answering the causal question of interest. Pairing items measuring 
recent stress feelings with intent items measuring probabilistic projections of future criminal 
behaviors more accurately specifies temporal ordering and contemporaneous nature of presumed 
causal relationships (see Agnew, 2002) than pairing with response items measuring retrospective 
reports of past criminal behaviors. Likewise, intentions are widely modeled as an important part 
of decision-making generally (e.g., Kim and Hunter, 1993; Webb and Sheeran, 2006) and as an 
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ancillary to criminal behavior specifically (e.g., Aiken et al., 2024; Barnum, Nagin, and 
Pogarsky, 2021), including within general strain research (e.g., Tittle, Broidy, and Gertz, 2008; 
Skrzypiec, 2017; Willits, 2019; Herman et al., 2024). 

Also, much of general strain theory’s voluminous evidence base is built on between-
person estimates from cross-sectional or lagged longitudinal designs. Yet, to summarize Felson 
and colleagues (2012: 347), we know criminal offenders have difficult lives, but we also have 
reasons to suspect that the (between-person) relationship between crime and suffering is 
spurious. Therefore, they explain “[m]ethods that examine within-individual change are more 
appropriate for studying contemporaneous effects” (p.348) such as those posited in stress process 
and general strain theories. Likewise, our study adds to a small but growing body of research 
estimating within-person change correlations between stress and crime (e.g., Brezina, 2010; 
Felson et al., 2012; Herman et al., 2024). Some of this literature focuses on “objective” or 
experienced strains (e.g., victimization) while lacking more proximal measures of subjective 
stress (e.g., Slocum, Simpson, and Smith, 2005; Lee, Kim, and Song, 2022; Slocum et al., 2022). 
Restricted samples of past crime-involved participants are also common (e.g., Felson et al., 2012; 
Slocum et al., 2005; Slocum et al., 2022), which risks “selection distortion” biases in estimates 
(see Brauer and Day, 2023). Studies documenting correlations between changes in specific types 
of subjective stress and specific emotional and behavioral outcomes are rare despite theoretical 
reasons to expect certain stressors to elicit specific coping responses (but see Felson et al., 2012; 
Herman et al., 2024).  

Despite focus and design differences, we seek to contribute to this accumulation of 
within-person change observations pertaining to stress and crime. With access to two waves of 
panel survey data, we can use a multilevel modeling procedure to separately estimate “between-
person” and “within-person” change associations (Allison, 2009). This “between-within” 
multilevel modeling approach permits adjustment by design for all time-invariant sources of 
confounding in estimating within-person change contrasts. Likewise, we separate this question 
into two parts that ask about associations for each estimation procedure: 

RQ2A: (Stress deficit; Between-person): Do individuals who report higher levels of 
subjective stress at Time 1 (T1) also have a higher probability of reporting criminal 
intentions or negative emotions compared to those reporting less stress at T1? 
RQ2B: (Stress deficit; Within-person): Are within-person increases in subjective stress 
from T1 to T2 (i.e., T2-T1) associated with within-person increases (T2-T1) in the 
probability of reporting criminal intent or negative emotions? 
 

 



SUBJECTIVE STRESS AND CRIME 

7 
 

FIGURE 1: Directed Acyclic Graphs (DAGs) Depicting Causal Modeling Assumptions by Research Question 

 
NOTE: Solid dark slate paths represent focal estimand(s). Solid light grey arrows represent paths blocked by design or analysis. E.g., within-person “fixed 
effects” estimate from “between-within” design adjusts for time-stable confounders; colliders are adjusted by default without explicit stratification; stratification 
on community blocks confounding and permits assessment of effect heterogeneity. Maroon dashed arrows represent unblocked backdoor paths. DAGs illustrate 
the need for precise theorizing; unprincipled adjustment on time-varying covariates may introduce collider bias or result in improper stratification on a mediator.



8 
 

The directed acyclic graphs (DAGs) in the top row of Figure 1 concisely communicate 
our simplistic causal assumptions underlying the between-person (DAG #1) and within-person 
change (DAG #2) estimates. Comparison of these DAGs communicates the within-person 
change estimates’ (DAG #2) adjustment by design for all “Individual” (measured or 
unmeasured) sources of time-stable, between-person confounding (for similar representation of 
fixed effects in DAGs, see Huntington-Klein, 2018; 2021, Ch.16). Meanwhile, the unadjusted 
between-person estimates (DAG #1) are at greater risk of transmitting biasing information from 
these varied individual-specific sources of confounding.2  

In our observational data analyses, both estimates are potentially biased by unmeasured 
time-varying confounders. Identification of and adjustment for potential confounders or their 
causal descendants can reduce confounder bias (Silver, Lonergan, and Nedelec, 2022), but 
unprincipled stratification on covariates without strong causal identification strategies or precise 
causal models can introduce bias in estimates (e.g., by stratifying on a collider; cf. Wysocki, 
Lawson, and Rhemtulla, 2022; Brauer and Day, 2023). A lack of precise theory and robust 
descriptions of basic empirical patterns leaves us unprepared for complex, fully adjusted models, 
as adding variables without coherent causal justifications can cause problems such as open 
backdoor or forking paths (Pearl and Mackenzie, 2018). Given our “basic” descriptive aims, we 
estimate unadjusted average contrasts and visualizations, leaving the task of developing more 
elaborate and plausible causal models and assessing consequences of accounting for additional 
mechanisms (e.g., confounders; colliders; moderators) to subsequent research.  
3.3 | RQ3: Stress amplification  

The third question asks about potential heterogeneity across communities in the estimated 
associations between stress and its theorized outcomes. Recall, the stress amplification 
theoretical expectation posits stronger positive associations in (e.g., urban, low SES) areas where 
residents report more chronic experiences with stress.  

RQ3 (Stress amplification): Are within-person change (fixed effects) correlations 
between subjective stress and posited outcomes - self-reported criminal intent and 
negative emotions - positive and strongest in low-SES urban communities? 
“Community (Rurality/SES)” depicted in DAG #3 is a measured time-stable (T1) 

covariate, so average within-person change effect estimates adjust by design for time-stable 
confounding due to community. However, we separately depict it because RQ3 models will 
include interactions between stress and community to assess heterogeneity across communities 
in focal estimates of effects of stress changes on criminal intent and negative emotions. 
3.4 | RQ4: Mediation  

The negative emotions items used for effect magnitude benchmarking include measures 
of potentially “criminogenic” emotions – feeling like your life circumstances were unfair, 
mistreated by others, or betrayed by people you care about – presumed by general strain theory 
to motivate criminal coping responses to stress under certain conditions. Under the very strong 

 
2 Most between-person analyses in existing literature attempt to adjust for confounding by adding measured 
covariates (e.g., demographics; prior crime), but causal interpretations from such designs require strong causal 
assumptions that the covariate set blocks all backdoor paths without opening backdoor or forking paths. Meanwhile, 
imprecise theorizing contributes to inconsistent selection of covariate sets (and sample characteristics) across 
studies, thereby collectively undermining causal assumptions and limiting knowledge accumulation. 
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causal assumption that the simplified model in DAG #4 accurately depicts the data-generating 
process underlying our survey response data, the final question asks whether observed change 
correlations are consistent with general strain theory’s mediation expectation. 

RQ4 (Mediation): Are the change correlation patterns consistent with a simple causal 
mediation data-generating process in which increases in overall stress indirectly cause 
increases in self-reported criminal intent through increases in “criminogenic” negative 
emotions?  
 

4 | DATA AND MEASURES 
4.1 | Data 

Face-to-face interview data were collected from adults aged 19 and older in the Dhaka 
District of Bangladesh as part of a two-wave panel survey conducted in 2013 (T1) and 2015 
(T2). Sampling and interviews were conducted by Org-Quest, a professional survey organization 
in the region with prior criminological research experience. The organization used stratified 
random sampling with random replacement to interview 600 participants at T1: from 350 urban 
households in 35 mahallas/paras within 18 (of 100) wards in Dhaka municipality, and from 250 
rural households in 13 villages within 3 (out of 13) unions in the Dhaka District. At wave 1, the 
sample was comprised of participants about 32 years old on average (ranging from 19 to 75 
years), about 50% of whom were males, with an average of approximately 10 years of formal 
education (ranging from 1 to 20 years), and about three-quarters were married. For more 
information about sampling, interview procedures, or sample characteristics at T1, see AUTHOR 
CITE.  

 

TABLE 1. Response and attrition rates for two-wave panel survey in Dhaka  
2013 (T1) Total 

Contacts 
Completed 
Interviews Refusal Not Available  

  

 n n % % n n %       
Urban 533 350 65.7 14.1 108 75 20.3       
Rural 316 250 79.1 7.3 43 23 13.6       
Total 849 600 70.7 11.5 151 98 17.8       
              

2015 (T2) Total 
Contacts 

Completed 
Interviews Refusal 

Untraceable 
Address Chg.  

Migrated 
Elsewhere 

Out of 
Country Died 

 n n % n % n % n % n % n % 
Urban 350 252 72.0 13 3.7 59 16.9 22 6.3 3 0.9 1 0.3 
Rural 250 237 94.8 1 0.4 0 0 9 3.6 2 0.8 1 0.4 
Total 600 489 81.5 14 2.3 59 9.8 31 5.2 5 0.8 2 0.3 

  

Overall response rate at T1 was 70.7% (see Table 1). Attrition rate was 18.5%, with 489 
of the original 600 participants completing interviews at T2. As observed with response rates at 
T1, attrition rates were lower in rural than urban areas, with 94.8% and 72% successful 
completion rates at T2 among rural and urban participants, respectively. The most common 
reason for attrition across the two-year panel interval was an untraceable address change among 
urban residents, accounting for over half of all unsuccessful follow-up attempts (59/111, or 
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53.2%). Otherwise, examination of item response distributions did not reveal systematic 
differences in stress, criminal intent, or emotions by survey completion or attrition status.3  
4.2 | Measures 

Criminal intent. Our focal response variables consist of six criminal intent items asking 
participants to estimate the future likelihood that they will engage in six different acts: theft less 
than 5BAM (approximately equivalent purchasing power in 2013 as $5USD); theft greater than 
5BAM; threats to use violence on someone; physically harming someone else on purpose; using 
marijuana or other illegal drugs; and attempting to access another person’s private information 
(e.g., bank account; computer files) without permission.4 Response categories originally were 
provided on a 5-point ordinal response scale (1=No chance to 5=High probability). As is typical 
with self-report crime items, a substantial majority of respondents reported “1” (No chance) and 
responses exceeding “2” (Little chance) are extremely uncommon for these items. Due to the 
lack of variability, a desire to minimize problems caused by empty cell frequencies, and a desire 
to generate a manageable number of interpretable response contrasts, each item is dichotomized 
as “0” (=No chance) or “1” (=Little chance or greater).5 A seventh binary item assessing “any 
criminal intent” is coded as “0” for participants with “0” (No chance) scores on all six items and 
“1” for those with a score of “1” (=Little chance or greater) on at least one item.  

Negative emotions. For benchmarking and mediation modeling, we also modeled 
responses to seven binary items related to experiences with negative emotions. These items 
asked participants how often in the past week they: felt you could not get going; felt everything 
was an effort; felt lonely; felt you could not shake the blues; felt like your life circumstances were 
unfair; felt mistreated by others; and felt betrayed by people you care about. The first four are 
items measuring depressive symptoms (“depressed affect”; “somatic complaints”) modified from 
Radloff’s CES-D scale (1977; see also Moullec et al., 2011). The remaining three items are 
designed to measure a different type of negative emotions that are theorized to be subjective 
consequences of coercive or criminogenic stress, namely the affective sense that one is unfairly 
treated or betrayed (aka, “alienation”; see Caspi et al., 1994; Brauer, Tittle, and Antonaccio, 
2019). For all items, the five original response categories were recoded so that “0” indicates 

 
3 As an additional data quality check, we investigated both waves of data for exact and near duplication across all 
survey items. We did not find any exact duplicate entries and near duplication based on Kuriakose and Robbins’ 
(2016) “maximum proportion match” method was not common and distributionally consistent with conventional and 
presumably non-fraudulent surveys. For more information about (and future reporting of these) near duplicate 
checks, see AUTHOR CITE.  
4 Wave 1 also included a “selling drugs” item that, due to lack of variation, was replaced in Wave 2 with a “commit 
any crime” item. These items were not included because we cannot examine within-person changes.  
5 These data also contain items indicating how often participants reportedly engaged in past criminal behavior in the 
past two years (1=Never to 5=Very often). As noted previously, we focus on criminal intent items because 
examining associations between current reports of stress in the past week and criminal behavior in the past two years 
would fail to establish proper causal ordering among variables implied by strain or stress process theories, whereas 
current reports of stress in the past week and future behavioral intentions in theory provides more appropriate causal 
ordering. Yet, there is high stability in past crime and criminal intent responses, with an average polychoric 
correlation of rho=0.84 and range from rho=0.8 to rho=0.9 between the original T1 ordinal item pairs. Additionally, 
supplemental figures (See online Supplement sections 4.2 and 5.2.4) illustrate similar item response distributions 
and highly comparable stress-crime associations at T1. 
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infrequently (Never; Rarely; Sometimes) and “1” indicates frequently (Often; Very often) 
experiencing these depressive symptoms or feelings in the past week.6 

Subjective Stress. Our focal predictors are seven ordinal items asking participants how 
often they stress or worry about financial issues (having enough money to buy necessities; having 
reliable daily transportation), relational issues (earning respect from those around you; being 
treated fairly by others around you), occupational issues (getting a job that you really enjoy), or 
victimization issues (other people stealing from you; other people mugging or assaulting you). 
Each item was measured with a five-category ordinal response scale ranging from 1=Never to 
5=Very often. Item-specific analyses generate separate estimates for each ordinal item. Mediation 
models use a standardized stress scale created as the sum of all seven items. Supplemental results 
in Appendix 1 provide ordinal item-specific estimates generated using a standardized sum scale 
and a latent item-response theory (IRT) theta stress scale.  

Community Location. We assess heterogeneity in stress distributions and effect 
estimates across participants residing at T1 in rural or urban areas characterized by low or high 
aggregate levels of socioeconomic status (SES). Rural/urban residence was identified and coded 
during stratified sampling procedures at T1 (see “Data” section above). Participant SES was 
measured as the sum of six items assessing how often the participant feels like they have enough 
money to afford necessities or luxuries for them and their families (groceries; medications; 
clothes; transportation; education; traveling for leisure). Each item was measured on a 5-point 
response scale ranging from “1”=Never to “5”=Very often. Participants were then grouped into 
18 urban ward or 13 rural village areas, and aggregate “L2 SES” was measured as the 
standardized group mean of participant SES in each ward or village. Communities at or below 
the median L2 SES were coded as “Low SES” and as “High SES” if above the median L2 SES 
score. The final community location variable is a four-category factor indicating the participant 
resided at T1 in a Rural/Low SES (n=113), Rural/High SES (n=124), Urban/Low SES (n=144), or 
Urban/High SES (n=108) area.7  
 
5 | ANALYTIC APPROACH 

For transparency and reproducibility purposes, our workflow, code, and all published and 
supplemental results related to this paper are provided in an online Supplement.8 Before 
presenting specific descriptive results, we introduce core features of our analytic approach that 
may be unfamiliar to some readers.  

 
6 Prevalence rates for each of the crime and negative emotion items are provided in online Supplement section 4.2. 
7 Dichotomizing continuous data is a controversial decision, as discretizing a variable may discard potentially useful 
information. We chose to dichotomize L2 SES to simplify a complex multifaceted analysis after observing what 
appeared to be a “natural” split in the distribution at approximately the median and mean L2 SES scores. However, 
additional models using a standardized sum stress scale included three-way interactions between rural residence, 
standardized L2 SES, and each stress estimator (between & within) assessed whether key conclusions are affected 
by the decision to use a community-level SES median split for community identification. Supplemental results from 
these models are presented in Appendix 2.   
8 Online supplement containing code and results is available at: WEBSITE. R files used to generate supplement are 
available at: GITHUB. Online supplement (& supplemental review) are accessible for anonymous peer review at: 
https://osf.io/ejpvk/?view_only=fd83d1fe353745c9960c861f5b4e9c0a 
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5.1 | Item-specific analysis 
Given a set of items presumably measuring an underlying unidimensional phenomenon 

(e.g., subjective stress; criminal intent), criminologists adopt numerous composite indexing or 
scaling procedures to measure underlying latent constructs (e.g., variety; summed; average; 
factor; IRT theta; cf. Osgood, McMorris, and Potenza, 2002; Sweeten, 2012). However, when 
working with imprecise theories, nascent evidentiary bases, and multi- or non-dimensional 
constructs, item-specific analyses may be more informative and generate fewer inference errors 
when describing distributions, relationships between phenomena, and between-item 
heterogeneity in those distributions or relationships (Fried and Nesse, 2015; McNeish, 2024). 
Latent measurement approaches are useful where appropriate, and we rely on a standardized 
summed stress scale in our mediation models (and show supplemental results with an IRT scale 
in Appendix 1). Yet, we think composite scaling approaches should not be adopted by default 
without prerequisite item-specific descriptive analysis and subsequently strong theoretical and 
empirical justification.9 Likewise, the approach we adopt is to start with documenting basic item-
specific descriptive estimates before moving toward scaling, where deemed appropriate. 
Moreover, item-specific analyses permit us to assess whether correlational patterns are consistent 
with theoretical claims that certain stressors are more likely to cause negative emotions and 
criminal intentions or that certain stressors elicit instrumental motives to cope in particular ways.   
5.2 | Ordinal modeling of IVs and DVs 

Criminologists also commonly analyze ordinal (e.g., Likert-type) items or composite 
measures created from ordinal items as metric continuous variables. Unfortunately, this practice 
is known to cause magnitude and even sign (directionality) inference errors, meaning it increases 
the risks of false positives, false negatives, and effect inversions (Liddell and Kruschke, 2018; 
Bürkner and Vuorre, 2019). In contrast, ordinal approaches to modeling dependent and key 
independent variables measured using ordinal Likert-type survey items can improve model 
recovery of underlying data distributions while minimizing errors and increasing precision in 
descriptive inferences. One relatively parsimonious solution is to use a cumulative probit or logit 
link to estimate effects of or on ordinal increases across discrete ordinal category thresholds. 
Here, we use the `brms` (Bayesian regression model using Stan) R package for modeling, which 
offers ordinal response modeling and offers built-in estimation of cumulative monotonic effects 
of ordinal predictors with its `mo()` function (Bürkner, 2017; Bürkner and Charpentier, 2020).  
5.3 | Multilevel B/W modeling  

Another core feature of our analytic approach is the implementation of “between/within” 
(B/W; aka, “hybrid” or Mundlak) multilevel modeling, which improves estimation precision by 
separating unique sources of variation stemming either from between-person differences or 
within-person changes (cf. Mundlak, 1978; Allison, 2009; Rohrer and Murayama, 2023). Here, 
we use it to separately estimate the degree to which between-person differences and within-
person changes in subjective stress are correlated with differences or changes in the probability 

 
9 Of course, most researchers know not to arbitrarily combine items. Yet, it is common to rely on Cronbach’s alpha 
or factor loadings to determine the appropriateness of combining items into composite scales. Unfortunately, doing 
so may result in an arbitrary (or worse) combination of items, and common composite scaling (e.g., sum; IRT) or 
variety indexing procedures cannot be counted on to automatically generate valid measures of assumed latent 
theoretical constructs. For rich discussions and cautions about uncritical construction of composite measurements, 
see Rhemtulla, van Bork, and Borsboom (2020) and Revelle (2024); for a classic take, see Merton (1940). 
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of reporting criminal intent or negative emotions. As explained earlier, an important advantage 
of this modeling technique is that within-person estimates are adjusted by design for all time-
invariant sources of confounding. This includes time-invariant effects of between-person 
characteristics that criminologists frequently include as measured covariates, such as sex, 
ethnicity, self-control, or genetic influences.  
5.3.1 | Unadjusted cross-sectional vs. change estimates (RQ2) 

In addressing RQ2, we first estimated multivariate cross-sectional models simultaneously 
regressing all criminal intent (“any criminal intent” was modeled separately) or all negative 
emotions outcome items at T1 separately on each stress item at T1. Descriptively, these cross-
sectional T1 models permit estimation of between-person differences in expected outcome 
probabilities across participants (N=489 individuals) reporting different ordinal responses to 
stress items. Though comparable to the “between” (cross-time average) estimates from our 
multilevel models, we initially present these T1 estimates to clearly contrast the descriptive 
between-person inferences one might generate from modeling cross-sectional data with those 
generated from within-person estimation.  

Then, we leveraged our second wave of data to estimate multivariate B/W multilevel 
models that simultaneously regressed all criminal intent (again, except “any criminal intent”) or 
all negative emotions outcome items on an individual-specific cross-time average stress score – 
the “between-individual” estimator – and a time-specific deviation from an individual’s cross-
time average – the “within-individual” estimator (N=978 observations nested within N=489 
individuals). Adapting Kurz’s (2023b) and McElreath’s (2020) notation for ordinal and 
multilevel modeling, we represent these more complex B/W models in Equation 1. 

Equation 1.      ~ Binomial = ,       logit = + (mo[ , ])  +  (mo[ , ])                       ~ Normal( , )                           ~ Normal(0,2)                           ~ Student (3,0,2.5)                          ~ Normal(0,0.25)                          ~ Normal(0,0.125)                          ~ Dirichlet(2,2,2,2)                          ~ Dirichlet(2,2,2,2,2,2,2,2) 

In all T1 and B/W models, we specified a Bernoulli distribution with a logit link for each 
`y` outcome item observed for individual `i` at time `t`. An outcome- and ID-specific random 
intercept ( ) with d allows estimated outcome probabilities to vary 
across individuals.10 Each model was estimated with 4 chains and 4000 total post-warmup 
posterior draws per outcome using `brms::mvbind()` function, which offers “multivariate” or 
simultaneous response modeling (Bürkner, 2024). The `mo[]` terms indicate each of our `j` 

 
10 We omitted a fixed effect for time (i.e., latent growth curve estimator) to avoid inappropriately adjusting out any 
causal effects of systematic changes in stress across waves that might be absorbed by an estimator for population-
level outcome trends over time. For example, a widespread economic or crime-related “shock” between waves 
might confound estimates or, alternatively, might systematically increase negative emotions or criminal intent 
through its systematic effects on population-level changes in subjective stress. In any case, inclusion of a time fixed 
effect only very slightly attenuated some estimated change associations.  
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ordinal stress items have undergone monotonic transform, while the term indicates a vector of 
simplex parameters representing normalized differences between consecutive categories of these 
ordinal variables. The beta coefficient for these monotonic transformed variables is comparable 
to those representing “effects” of metric covariates in regression equations, with the numeric 
estimates interpreted as the average difference in the latent-mean scale of criminal intent or 
negative emotions between two adjacent categories of the ordinal predictor variable.  

Though we do not focus on them until the mediation models, the cross-time “between-
person” estimator ( (mo[ , ])) in these models produce cross-sectional estimates that 
are interpretively similarly to those generated by the T1 regression models. Instead, we compare 
T1 results with contrasts from the within-person “fixed effects” or “FE” estimator in these 
models ( (mo[ , ])), which describes average correlations between 
within-person changes in stress and changes in outcome responses.  

With nine and five response categories for cross-time average and within-person 
deviation stress scores resulting in eight and four estimated thresholds respectively, the 
hyperparameters for their `mo()` transformed betas were determined by dividing the SD of a 
weakly informative (Normal[0,1]) beta prior distribution by the total number of estimated 
response thresholds (between: 1/8 = 0.125; within: 1/4 = 0.25). Specifying a weak uniform 

for the cumulative monotonic simplex 
 allows each estimated threshold probability to vary substantially from one another 

(cf. McElreath, 2020: 393; Bürkner & Charpentier, 2020).  
5.3.2 | Community-specific change estimates (RQ3) 

After comparing unadjusted cross-sectional T1 and within-person FE estimates, we 
restrict our focus to FE estimates in RQ3 to assess whether within-person change correlations 
between subjective stress and posited outcomes are positive and strongest in low-SES urban 
communities. This is accomplished by adding our community factor variable indicating 
residence in one of four types of communities (rural or urban; low or high aggregate SES) to our 
B/W regression model along with an interaction between our FE estimator and the community 
factor variable (see Equation 2 below). The `k` subscript references the k=4 factor levels of the 
community variable and denotes separate parameters were estimated for k-1 factor levels.  

Equation 2.           ~ Binomial = ,  logit = + (mo[ , ]) + (mo[ , ]) + (community )+ (mo[ ] × community , )                            ~ Normal( , )                                ~ Normal(0,2)                                ~ Student (3,0,2.5)                              ~ Normal(0,0.25)                              ~ Normal(0,0.125)                            ~ Normal(0,1)                            ~ Normal(0,1)                              ~ Dirichlet(2,2,2,2)                              ~ Dirichlet(2,2,2,2,2,2,2,2)                            ~ Dirichlet(1) 
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5.3.3 | “Practically large” marginal effects 

Naïve interpretation of model beta coefficients is rarely useful and can result in 
substantial inference errors, particularly in regression models with interactions and/or those 
specifying nonlinear link functions to predict limited dependent variables. Thus, we transform 
and visualize model betas as “marginal effects” on outcome scales to help translate findings into 
interpretable effect magnitudes (Mize, 2019; Long and Mustillo, 2021).  

With a nonbinary focal predictor, it is common to generate (conditional or average) 
marginal effects as predicted contrasts between those scored as “0” or “1” on a raw or 
standardized variable, thus representing an estimated (conditional) average effect of a one-unit 
predictor increase on outcome changes in the response scale. However, alternatives are possible 
and perhaps desirable depending upon one’s descriptive or causal inferential aims. For example, 
McElreath (2020: 391-6; see also Kurz, 2023a: Sec. 12.4) illustrates the utility of estimating 
“maximum” effects representing predicted response contrasts across the highest and lowest 
scores of a predictor variable. In general, we prefer “maximum” contrasts to scale-specific “one-
unit change” contrasts for numerous reasons.11 Yet, it is also important to thoughtfully select 
contrasts, avoiding temptations to rely on standardized metrics, and instead carefully considering 
whether software package or academic field defaults represent the most appropriate, plausible, or 
meaningful contrasts in the research context.  

Likewise, after estimating models, examining fit summaries, and performing posterior 
predictive checks (see Supplement), we compared various alternative (e.g., 1-category; 
maximum) predicted contrasts that might effectively summarize model results for readers. In 
doing so, we considered meaningful effect contrasts that reflect plausible real-world limits to the 
types of large yet actually occurring changes that might be observed in nature. In the case of 
subjective stress reports, we found that anything larger than a two-category change in subjective 
stress from T1 to T2 rarely if ever occurred in these data regardless of stress type. So, we 
transformed our model estimates into what we call “practically large” marginal effect (PLME) 
estimates of a two-Likert category increase in stress item responses on predicted outcome 
probabilities, calculated as predicted probability difference distributions averaged over all 
between-person two-unit response category predictive contrasts at T1 (e.g., “5-3”; “4-2”; “3-1”) 
or for within-person two-category stress increases from T1 to T2 averaged over all between-
person stress levels. Conceptually, a two-unit difference or change in subjective stress item 
response categories represents a plausible yet practically large counterfactual expected effect 
associated with a “real-world maximum” increase in subjective stress.  

These effects, in turn, are usually interpreted as expected differences or changes in the 
probability of an outcome (e.g., of reporting a “1” instead of a zero on a binary criminal intent or 
negative emotions item). These probability contrasts are equivalent to absolute risk or prevalence 

 
11 For instance, the minimum and maximum values on imprecisely measured ordinal predictor scales may be more 
concretely defined and represent more valid contrasts than those implied by an average one-unit increase (e.g., 
consider “never/always” vs. “sometimes/often” contrasts). Maximum contrasts also serve as bounds on the total 
expected effect of a predictor, such that they intuitively represent the expected effect of “dialing up” the predictor 
from its lowest to its highest possible value. Likewise, unlike “one-unit increase” contrasts, the magnitudes of 
maximum contrasts for ordinal or continuous predictors are readily comparable to estimated effects of dichotomous 
“treatment” or factor (“dummy”) predictors that also contrast lowest (0) and highest (1) values. 
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estimates, which we often convert to percentage-point increases in the text. The median of a 
Bayesian posterior distribution is typically used for point estimates, and uncertainty around 
estimates is often communicated with traditional 95% credible interval (95% CrI) thresholds. 
However, we also rely frequently on alternative summaries of posterior distributions, such as 
overlaying 50% or bold highlighting 80% quantile intervals. These decisions reflect our core aim 
of describing the data rather than severely testing hypotheses. Overall, our approach is intended 
to effectively generate valid descriptive inferences while communicating degrees of uncertainty 
around those inferences.  
5.5 | Mediation (RQ4) 

We address RQ4 by exploring whether multivariate correlational patterns are consistent 
with the prediction that presumedly “criminogenic” emotions mediate associations between 
subjective stress and criminal intent. Unfortunately, estimating mediation models with every 
multivariate combination of stress item, criminogenic emotion item, and criminal intent outcome 
item compounds the number of potential estimates, making summary and visualization 
untenable. Thus, for this exploratory descriptive analysis, we will reduce the number of potential 
estimates by, first, relying on a standardized sum stress composite scale and, second, collapsing 
our negative emotions items into a variety index.12,13 

At this time, there is a lack of accessible options for multilevel mediation modeling that 
can accommodate between- and within-unit estimation and specification of a cumulative probit 
or logit function for ordinal predictors. So, we generated estimates from multilevel 
between/within Bayesian models in `brms` (similar to those presented earlier) with the composite 
stress and negative emotions variables, then used the `mediate()` function from the 
`easystats::bayestestR` R package (Lüdecke et al., 2022) to estimate mediation pathway 
coefficients (e.g., direct and indirect effects).14 These mediation models specify stress (X) and 
criminogenic emotions (M) as metric continuous variables (linear M models) and criminal intent 
(Y) as a binary outcome (logistic Y models). We then supplemented estimates from these models 
with within-person “X to M” and “X to Y” effect plots generated using `bmlm` R package 
(Vuorre and Bolger, 2018), which is designed to estimate within-unit mediation processes. 

Ultimately, we present exploratory mediation estimates generated from these 
complementary approaches to assess whether our data plausibly might have been generated by 
the posited causal processes – that is, whether descriptive patterns are consistent with (among 

 
12 We adopt a sum stress scale because alternative approaches like factor-based or IRT scaling typically enforce 
strong assumptions about the unidimensionality of an underlying latent construct (Sijtsma, Ellis, and Borsboom, 
2024). In doing so, they often weight items according to underlying theta or factor loadings, which may 
overrepresent effect estimates corresponding to upweighted component items while suppressing those corresponding 
to down-weighted items. In this case, while a general “stressed” construct might be partly driving reporting on each 
component stress item, multidimensionality cannot be ruled out - that is, one can imagine experiencing high 
financial stress, low relational stress, high job-related stress, and low victimization stress - or any other possible 
combination of stress levels. Likewise, absent compelling and contrary theoretical reasoning, we adopt an 
unweighted (simple sum) composite measure, as it should be more effective in capturing and describing any effects 
of underlying multidimensional components (see Appendix 1). 
13 For robustness purposes, the online Supplement (section 12) also presents results of mediation models using a 
sum scale instead of variety index for criminogenic emotions. 
14 Since this package generates average causal mediation estimates from posterior distributions, our hope was that 
this approach would be flexible enough to apply to our models with ordinal predictors. Unfortunately, that was not 
the case (see https://github.com/easystats/bayestestR/issues/576). 
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other plausible alternatives) the existence of indirect linear causal effects of differences or 
changes in stress (sum scale) on criminal intent (binary items) through differences or changes in 
“criminogenic” negative emotions items. 
 
6 | RESULTS 
6.1 | Sample stress distributions (RQ1A) 

RQ1A asks how often participants in our sample reported stressing or worrying about 
financial, relational, occupational, or victimization issues. We investigated this by examining the 
ordinal response distributions of all seven subjective stress items at each survey wave, and 
within-person changes in these distributions across waves, for all participants with valid data at 
both survey waves (N=489). Figure 2 displays observed proportions reporting in every ordinal 
response option for each stress variable at T1 and T2, as well as the observed degrees of change 
in item response categories across the two waves for each stress variable (T2–T1). The figure 
also displays interval plots showing the item mean with 50% and 95% intervals. 

The observed response patterns for the first two financial stress items are approximately 
normally distributed in both waves, with the majority of respondents reporting somewhat or 
often stressing about money (T1: 61.6%; T2: 62.8%) or transportation (T1: 58.9%; T2: 65.6%) 
and relatively few reportedly never stressing about these things (range: 3.1% to 7.8%). In 
comparison, the observed item distributions for relational and job-related stress items do not 
exhibit symmetric decay about the midpoint characteristic of normal distributions. Rather, 
approximately half of our Bangladeshi participants reportedly often or very often stress about 
being treated with respect (T1: 52.2%; T2: 52.8%), being treated fairly (T1: 55.8%; T2: 55.4%), 
and finding a job they enjoy (T1: 49.3%; T2: 51.1%), while a sizeable proportion report never 
experiencing these types of stress (range: 8.8% to 16.4%). Finally, response distributions for 
subjective stress about criminal victimization exhibit high positive skew, with the majority of 
respondents reporting never or rarely stressing about others stealing from them (T1: 63.4%; T2: 
62.2%) or assaulting them (T1: 71.8%; T2: 69.9%). Very few respondents report very often 
stressing about such victimization (range: 2.0% to 5.1%), which might be expected given the 
relative rarity of crime and criminal victimization. Of course, frequency and potency of stress are 
distinct characteristics, and general strain theory suggests that victimization-related stress may be 
especially potent and criminogenic despite being comparatively rare. 

One additional pattern in Figure 2 is particularly noteworthy. The third column shows 
that very few respondents reported stress reductions or increases across the two waves greater 
than two units (on Likert-type stress items ranging from 1 to 5), despite a theoretical maximum 
possible change ranging from “-4” (1-5) to “4” (5-1). In fact, even two-unit changes in either 
direction across the two waves were quite rare. Thus, the few observed increases or decreases 
greater than two ordinal categories were recoded to a maximum change of (+/-)2.  
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FIGURE 2. Subjective Stress Distributions 

 
Note: N=489 respondents participating at both survey waves. Interval plots show item mean (horizontal tick), 50% 
(thick vertical bar), and 95% (thin vertical bar) intervals. Bars display the proportion of full sample reporting each 
item response category (T1; T2) or degrees of change in item response categories (T2–T1).  
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FIGURE 3. Subjective Stress Distributions (T1), by Community 

 
Note: N=489 respondents participating at both survey waves. Bar charts display T1 stress item response 
distributions by community (rural/urban; high/low SES), calculated as the median of the posterior predictive 
distribution (PPD) for each response category within a community from sequential ordinal models specifying 
category-specific effects of community. Grey interval plots display PPD median (dot) and 95% uncertainty interval 
(line). Median estimates accurately recover observed proportions for each response category within each group.  
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5.2 | Stress clustering (RQ1B) 
RQ1B asks about heterogeneity in subjective stress distributions across social locations 

and, specifically, whether residents of low-SES urban communities report more frequently 
stressing or worrying about these sources of stress (stress clustering). To answer this question, 
we examined community-specific stress item response distributions for participants residing in 
each of the four rural or urban communities identified as having low or high aggregate SES. 
Figure 3 summarizes our findings. Unlike Figure 2, which plotted observed response 
distributions, the community-specific response distributions in Figure 3 are posterior estimates 
(medians and quantile intervals) generated by Bayesian sequential ordinal probit models for each 
stress item. This approach permits communicating population uncertainty surrounding recovered 
sample proportions, which we visualize using 95% credible intervals around the estimated 
proportions for every subjective stress response category. 

Our primary aim with this plot is to help readers visualize stress response distributions 
and community differences in these distributions and, ultimately, to determine whether levels 
and sources of stress vary across rural/urban communities with high/low aggregate SES. The 
largest distributional difference is between those respondents residing in urban versus rural areas: 
Urban respondents reported more frequently experiencing stress from all sources - financial, 
interpersonal, job, and victimization. Also, consistent with stress clustering expectations, 
residents of low SES urban areas report more frequently stressing about financial and 
victimization issues. Thus, residents in these areas might more chronically experience stress and, 
if stress amplification expectations are correct, participants from these communities may be 
more susceptible to its posited deleterious consequences.  
5.3 | Stress deficit (RQ2) 

With RQ2, we move from describing stress distributions to examining stress as a 
theoretically posited predictor of criminal intent and depressive symptoms. Specifically, the 
question asks whether between-person differences (RQ2A) and within-person changes (RQ2B) 
in subjective stress are correlated with differences or changes in the probability of reporting 
criminal intent and negative emotions.  

Figure 4 displays these PLME estimates and 95% credibility intervals, highlighting with 
bold point-intervals for easier visibility all contrasts that have at least an 80% posterior 
probability of being greater than zero (i.e., at least 80% of the posterior estimates for a contrast 
are greater than zero; for a brief explanation of Bayesian credible intervals, see Makowski and 
Lüdecke, 2019). These “plausibly positive” bold estimates are in line with monotonic stress 
deficit expectations from stress process and general strain theories, whereas null or negative 
estimates are inconsistent with stress deficit expectations. 

Examining specific criminal intent item estimates first (Columns 1-6 in top panel), Figure 
4 reveals 17 of the 42 between-person (T1) estimates are plausibly positive (i.e., 80% posterior 
probability of being greater than zero). Overall, these between-person results reveal substantial 
heterogeneity across stress and response items. Perhaps the most robust between-person 
differences involved interpersonal, work-related, and victimization stress: Examination of T1 
bold interval estimates indicate participants who reported more frequently stressing or worrying 
about respect, fair treatment, getting a job they enjoy, or being a victim of theft also were 
somewhat more likely to report at least some future chance of stealing less than 5BAM (first 
column), stealing more than 5BAM (second column), and threatening others (third column).  
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The between-person “any crime” estimates (last column) essentially reproduced these 
three crime-specific patterns, with the four bold (80% plausibly positive) unadjusted PLME 
estimates ranging from 0.03 (stress about theft victimization: PLME = 0.03, 95% CrI = [-0.02, 
0.10]) to 0.08 (stress about job: PLME = 0.08, 95% CrI = [0.04, 0.13]). Put differently, 
participants who report (two-ordinal categories) higher subjective stress about respect, fair 
treatment, getting a job they enjoy, or being a victim of theft are 3- to 8-percentage-points more 
likely to report some future chance of engaging in at least one type of crime compared to those 
reporting (two-ordinal categories) lower stress.15 

The item-specific within-person results, which adjust by design for time-stable individual 
differences, reveal starkly different patterns. All 17 of the plausibly positive T1 estimates were 
estimated as null or near-null associations by the within-person fixed effects estimator. In fact, of 
the 42 possible specific crime item associations examined, the fixed effects estimator shows only 
two stress-crime item change correlations that were positive with at least 80% plausibility: 
Reporting a two-category increase in stress about money from T1 to T2 is associated with an 
extremely small unadjusted increase in the predicted probability of reporting any future intent to 
engage in theft less than 5BAM (PLME = 0.003, 95% CrI = [-0.003, 0.018]) and theft greater 
than 5BAM (PLME = 0.006, 95% CrI = [-0.002, 0.026]). A plausibly positive within-person 
unadjusted estimate for stress about money was observed in the model predicting “any crime” as 
well. Participants who report an increase (of two-ordinal categories) in stress about money from 
T1 to T2 are about 3-percentage-points (PLME = 0.026, 95% CrI = [-0.004, 0.089]) more likely 
than they were at T1 also to report some future chance of engaging in at least one type of crime.  

With respect to negative emotions, 29 out of 49 outcome-specific marginal effect 
contrasts at T1 were positive with 80% plausibility, whereas the within-person fixed effects 
estimator generated 32 (of 49) plausibly positive stress-emotions change correlations. With that 
said, there is systematic heterogeneity in estimates across outcomes, with some outcomes 
showing some or even all (e.g., “blues”) null estimates. Moreover, in most negative emotions 
models, the unadjusted within-person estimator generated larger marginal effect contrasts than 
did the between-person estimator.  

We can quantify this difference by comparing the median and quantile intervals of 
stacked distributions of posterior PLME T1 or change estimates, which is conceptually akin to 
comparing an unweighted meta-analytic effect of a two-unit stress increase (T1) or change (T2-
T1) across between-person or within-person models. The median of all posterior PLME 
estimates for negative emotions T1 models is 0.04 (80% CrI = [-0.01, 0.11]), whereas the 
comparable median of all posterior estimates for negative emotions change models is twice as 
large at 0.08 (80% CrI = [-0.05, 0.23]). Put differently, 50% of all two-category ordinal stress 
contrast estimates from between-person negative emotions models predict at least a 4-
percentage-point between-person difference in the probability of reporting negative emotions, 
with the upper quintile of estimates predicting at least an 11-percentage-point difference. In 
comparison, 50% of all within-person change estimates from negative emotions models predict 
at least an 8-percentage-point within-person increase in the probability of reporting negative 
emotions associated with a two-category stress increase – a magnitude that is twice as large as 
the median between-person estimate on an absolute risk or prevalence scale. Wider credible 
intervals indicate greater uncertainty due to increased plausibility of larger within-person 

 
15 Median posterior PLME estimates and 95% credible intervals plotted in Figure 4 for all of the crime and negative 
emotion items are provided in tables in the online Supplement (section 7.6.1). 
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FIGURE 4. Marginal Effects of Ordinal 2-Category Increase in Stress Item on Outcome Probabilities, by Estimator (T1; FE) 

 
Note: N=489 respondents participating at both survey waves. Each of the 196 intervals displayed represents the estimated marginal effect of a "practically large" ordinal 2-category increase in stress on 
an outcome probability derived from 196 distinct Bayesian logistic regression models. Of these, 182 estimates are from multivariate models simultaneously regressing (using `brms:: mvbind()`) the six 
specific criminal intent outcomes or the seven negative emotions outcomes on each of the seven stress types (T1: 13*7=91 models; multilevel "between/within" or B/W: 13*7=91 models). The other 14 
estimates are from seven T1 or seven B/W models separately regressing "any criminal intent" on each stress item. In B/W models, stress items were separated into a L2 cross-time average (Xbar_i) 
between-person predictor and a L1 within-person change (X_it - Xbar_i) "fixed effects" estimator. In all models, stress predictors (L1 & L2) were specified as monotonic ordinal predictors with a 
cumulative probit link function. Models were estimated in brms with 4 chains and 4000 total post-warmup posterior draws per outcome. Marginal effect contrast distributions were estimated from the 
expectation of the posterior predictive distribution for each model as predicted probability difference distributions, either averaged over all 2-category stress differences (T1), or for 2-category stress 
increases (T1 to T2 change) averaged over all between-person stress levels. Median posterior density estimates with 95% intervals displayed. Bold point-intervals indicate at least 80% of posterior 
contrast estimates are greater than zero.
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estimates, with the upper quintile of estimates predicting at least a 23-percentage-point increase 
in the probability of negative emotions associated with a two-category stress change.  

Additionally, these magnitudes on absolute risk or prevalence scales are much more 
likely to be positive and tend to be substantially larger for models predicting negative emotions 
compared to those predicting criminal intent. The median of stacked posterior PLME estimates 
are 0.01 (80% CrI = [-0.02, 0.05]) for between-person criminal intent models and -0.00 (80% CrI 
= [-0.01, 0.01]) for within-person criminal intent models. Overall, the unadjusted model 
estimates plotted in Figure 4 appear to be largely consistent with stress deficit expectations when 
predicting negative emotions, while models predicting criminal intent generate much smaller 
absolute risk difference or change estimates that are quite tightly centered at or near zero. 
5.4 | Stress amplification (RQ3) 

RQ3 asks whether within-person change correlations between subjective stress and 
posited outcomes (criminal intent; negative emotions) are positive and strongest in low-SES 
urban communities. Figure 5 displays community-specific PLME estimates and 95% credibility 
intervals, again bold highlighting all contrasts with at least 80% posterior probability of being 
greater than zero. Comparable to the “within” estimates in Figure 4, this plot visualizes 
community-specific predicted probability difference distributions associated with two-category 
within-person stress increases from T1 to T2 averaged over all between-person stress levels. As 
before, “plausibly positive” bold estimates are in line with monotonic stress deficit expectations 
from stress process and general strain theories, whereas null or negative estimates are 
inconsistent with stress deficit expectations. Moreover, the stress amplification expectation 
anticipates observing the largest estimates in low-SES urban communities.  

As with the unadjusted estimates in Figure 4, nearly all of the community-specific within-
person estimates from criminal intent models in Figure 5 are tightly centered around zero. 
Though these patterns might have been generated by weak or negligible population associations 
between changes in measured subjective stress and changes in criminal intent, they could 
alternatively reflect insufficient data to detect population signals due to a combination of 
outcome rarity and small subsample sizes (ranging from n=108 to 144 participants per group).  

Regarding exceptions, the 21 “plausibly positive” within-person associations observed 
between stress and criminal intent again are confined mostly to the two theft outcome items 
(n=13 estimates) and to the aggregate “any crime” item (n=7). Consistent with stress 
amplification expectations, these plausibly positive estimates are observed solely in low SES 
(n=9) and high SES (n=12) urban communities where aggregate stress levels are highest. 
Moreover, while these positive community-specific estimates are noisier (as expected given 
smaller subsample sizes), they also are larger in magnitude than the unadjusted estimates.  
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For example, recall the unadjusted within-person PLME estimates in Figure 4 predicted a 
3-percentage-point increase in the probability of “any” criminal intent associated with a two-
category increase in stress about money. In comparison, the community-specific estimates in 
Figure 5 predict the same two-category increase in stress about money is associated with a 32-
percentage-point increase (PLME = 0.32, 95% CrI = [-0.03, 0.82]) in the probability of “any” 
criminal intent in urban high SES communities and an 11-percentage-point increase (PLME = 
0.11, 95% CrI = [-0.02, 0.56]) in urban low SES communities. The wide but mostly positive 
credibility intervals in these communities indicate that increases in subjective stress are 
associated with changes in the probability of criminal intent ranging from negligible to large and 
positive in magnitude, with comparable magnitudes even to negative emotions benchmarks.16 

Regarding negative emotions, 69 of 196 within-person estimates from negative emotions 
models in Figure 5 indicate plausibly positive and potentially large community-specific 
associations between subjective stress and negative emotions. As before, there is some 
systematic heterogeneity in estimates across outcomes. Most notably, within-person changes in 
reports of feeling the “blues” are largely uncorrelated with changes in subjective stress.  

Inconsistent with stress amplification expectations, estimated associations between 
subjective stress and negative emotions in Figure 5 do not appear to be systematically strongest 
in urban low SES areas, nor do they even appear to be consistently stronger in urban areas 
compared to rural areas. If anything, the within-person PLME estimates might be stronger in 
high SES compared to low SES communities. Again, one way to quantify these differences is by 
comparing the median and quantile intervals of stacked distributions of posterior PLME change 
estimates across communities, which is akin to comparing an unweighted average meta-analytic 
effect of a two-unit stress increase on negative emotions across community-specific models. The 
median of all posterior PLME estimates from negative emotions models is 0.03 (80% CrI = [-
0.08, 0.20]) for rural low SES areas and 0.05 (80% CrI = [-0.18, 0.30]) for urban low SES areas; 
the comparable average estimates are more than twice as high at 0.10 (80% CrI = [-0.15, 0.46]) 
and 0.14 (80% CrI = [-0.12, 0.46]) for rural high SES and urban high SES areas, respectively.  

In comparison, the median of stacked posterior PLME estimates for criminal intent 
models are -0.002 (80% CrI = [-0.018, 0.001]) for rural high SES, -0.001 (80% CrI = [-0.012, 
0.005]) for rural low SES, 0.006 (80% CrI = [-0.040, 0.193]) for urban high SES, and -0.001 
(80% CrI = [-0.025, 0.062]) for urban low SES communities. Overall, and similar to conclusions 
from unadjusted model estimates in Figure 4, a substantial portion of the community-specific 
estimates in Figure 5 appear to be consistent with stress deficit expectations when predicting 
negative emotions but, when predicting criminal intent, only a small fraction of models for select 
outcomes (e.g., theft; any crime) appear consistent with stress deficit expectations. 
5.5 | Mediation expectation (RQ4) 

RQ4 asks whether the correlational patterns in these data are consistent with a simple 
causal mediation data generating process in which increases in overall stress indirectly cause 
increases in self-reported criminal intent through increases in presumedly “criminogenic” 
negative emotions. Figure 6 summarizes results from our two complementary modeling 
approaches to addressing this question.  

 
16 Median posterior PLME estimates and 95% credible intervals plotted in Figure 5 for all of the crime and negative 
emotion items are provided in tables in the online Supplement (section 9.2.1). 
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FIGURE 5. Marginal Effect of 2-Category (FE) Increase in Stress on Change in Outcome Probabilities, by Community 

Note: N=489 respondents participating at both survey waves. Each of the 392 intervals displayed represents the estimated marginal effect of a "practically large" ordinal 2-category increase in stress on 
an outcome probability derived from a fixed effects (FE) estimator in 98 distinct Bayesian multilevel between/within logistic regression models (98 models*4 community estimates). Of these, 364 
estimates are from 91 multivariate models simultaneously regressing (using `brms:: mvbind()`) the six specific criminal intent outcomes or the seven negative emotions outcomes on each of the seven 
stress types (13*7=91 models). The other 28 estimates are from seven models separately regressing "any criminal intent" on each stress item. Stress items were separated into a level 2 (L2) cross-time 
average (Xbar_i) between-person predictor and a level 1 (L1) within-person change (X_it - Xbar_i) "fixed effects" or FE estimator. Both L1 and L2 stress variables were specified as monotonic ordinal 
predictors with a cumulative probit link function. Models also included a factor variable for community and a multiplicative interaction between FE stress estimator and community. Models were 
estimated in brms with 4 chains and 4000 total post-warmup posterior draws per outcome and per community group. Marginal effect contrast distributions were estimated from the expectation of the 
posterior predictive distribution for each model as predicted probability difference distributions for 2-category stress increases (T1 to T2 change) by community, averaged over all between-person stress 
levels. Median posterior density estimates with 95% intervals displayed. Bold point-intervals indicate at least 80% of posterior contrast estimates are greater than zero. 
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FIGURE 6. Estimated Total, Direct, & Indirect Effects of Stress on Criminal Intent via Criminogenic Emotions, by Estimator 

 
Note: N=489 respondents participating at both survey waves. COLUMNS 1-4: Multilevel b/w Bayesian models predicted binary criminal intent outcomes (7 logistic "Y" models) and a between- or a 
within-person mediator (2 Gaussian "M" models). All models included a standardized sum stress scale separated into L2 between-person (Xbar_i) and L1 within-person change (X_it - Xbar_i) "fixed 
effects" estimators ("X"). "Y" models also included both L2 (between) and L1 (change) measures of differences/changes in the number of criminogenic emotions reported. Untransformed posterior 
mediation estimates generated from fitted models using `bayestestR::mediation()` R package. Median posterior density estimates with 95% equal-tailed (ETI) credible intervals displayed. Bold point-
intervals indicate at least 80% of posterior estimates are greater than zero. COLUMNS 5-6: Comparable within-person mediation models were fit using `bmlm::mlm()` R package to generate model-
implied posterior effect estimates averaged over random effects for plotting in original item metrics. Column 5 (XM) displays estimated effect of changes in X (X = -0.5 to X = 0.5 equates to 1 SD 
unit increase in stress) on changes in M (M = -0.5 to M = 0.5 equates to increase of 1 additional criminogenic emotion reported). Column 6 (MY) displays estimated effect of changes in M on changes 
in the probability of Y (e.g., increase from Y = 0 at M = -0.5 to Y=0.02 at M = 0.5 implies an increase of one reported emotion causes a 2-percentage-point increase in the probability of criminal intent). 
These estimates also reflect any indirect effect of X on Y through M, while x-axis range displays model-implied degree of change in M (emotions) caused by change in X (stress). 
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The first four columns in Figure 6 display between-person and within-person estimates of 
direct (X to Y), mediator (M to Y), indirect (X to Y via M), and total (direct plus indirect) 
effects, respectively. These estimates were generated using `bayestestR::mediation()` R package 
from Bayesian multilevel B/W models regressing binary criminal intent outcomes on between-
person and within-person measures of “overall” subjective stress (standardized sum scale) and 
criminogenic negative emotions (variety index). Overall, between-person estimates in these 
columns appear largely consistent with strain theory’s mediation expectations. Participants 
reporting higher overall subjective stress are more likely to report criminogenic emotions (not 
shown), and those who report higher levels of overall subjective stress and experiencing more 
criminogenic emotions also generally are more likely to report all types of criminal intent, except 
perhaps for physical harm.  

With that said, within-person estimates in Columns 1 to 4 of Figure 6 largely are 
inconsistent with strain theory’s mediation expectations, again with the possible exception of 
physical harm: Participants who report increases in overall subjective stress also report increases 
in criminogenic emotions and, indirectly, report increases in physical harm intent (see Row 4, 
Columns 2 and 3). Yet, even if our DAG #4 and this possible empirical exception were valid, 
any potential within-person indirect causal effect of changes in subjective stress on physical 
harm intent through criminogenic emotions would appear to be wholly offset by stronger 
countervailing direct negative effects of changes in subjective stress on physical harm intent (see 
Row 4, Columns 1 and 4).  

The last two columns in Figure 6 present plots of within-person marginal effects on 
outcome scales. These were generated from within-person mediation models fit using 
`bmlm::mlm()` R package, which plots model-implied posterior effect estimates converted to 
original item metrics averaged over random effects. In general, results from this alternative 
approach to estimating within-person mediation effects largely are consistent with findings in 
Columns 1 to 4 and confirm within-person results from earlier item-specific models (i.e., Figures 
4 and 5). The plot in Column 5, which is the same for all seven criminal intent outcomes, 
indicates that reporting a one standard-deviation unit within-person increase in overall subjective 
stress from T1 to T2 is associated with an estimated increase of approximately one additional 
criminogenic emotion reported. In contrast, the seven plots in Column 6 show that an increase of 
one reported emotion – the degree of change implied by a one-SD unit change in stress – is 
associated with a negligible or null increase in the probability of reporting criminal intent, with 
expected change magnitudes ranging from 0- to approximately 2-percentage-points at most. Note 
that these plotted marginal effect estimates also capture any indirect effect of overall subjective 
stress on criminal intent through emotions. Thus, within-person increases in subjective stress are 
associated with increases in criminogenic emotions, but both appear to be largely irrelevant to 
changes in criminal intent. 
 
5 | DISCUSSION AND CONCLUSION 

We set out in pursuit of documenting robust phenomena relevant to a fundamental 
criminological research question: Does subjective stress cause crime? Our descriptive analyses 
were guided by specific research questions about stress clustering, stress deficit, stress 
amplification, and mediation expectations derived from stress process and general strain theories. 
To answer these questions, we documented univariate distributions, unadjusted and community-
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specific correlations, and multivariable mediation-style (direct and indirect) results to describe 
associations between subjective stress, negative emotions, and criminal intent in two waves of 
survey data from adults in Bangladesh. We aimed for a “back-to-basics” approach to describing 
data, while relying on several modern analytic techniques to strengthen the precision and 
accuracy of our descriptive inferences (e.g., DAGs for causal clarity; item-specific analysis; 
ordinal modeling to match item response distributions; practically large marginal effects; 
benchmark comparisons).  

After these efforts, the foundational question of whether stress causes crime remains 
unsettled. Our descriptive results do not lend themselves to unequivocal support or refutation of 
a particular theory or research program. We doubt this conclusion will surprise readers, as it is a 
usual outcome of criminological research. Yet, recall that we explicitly avoided presenting this 
work as a test of stress process or general strain theories, for what we think are good reasons. 
Given the complexity of the phenomena being studied (human behavior) and the causal 
processes underlying stress process explanations of those phenomena, it is our view that general 
strain theory is not yet developed to a point where collective efforts at testing it should be 
expected to efficiently yield scientifically progressive results.  

Like many social scientific theories, stress process theories of crime are incomplete or 
ambiguous. For instance, they make directional predictions and specify some contingencies, but 
do not go as far as to make range or point predictions (Tittle, 1995; Proctor and Niemeyer, 2019). 
This leads to a lack of precise theoretical predictions to test, yet they are commonly “tested” by 
researchers who build (relatively) complex linear or generalized linear regression models often 
containing measures of many latent constructs that are poorly specified theoretically (for 
discussions of similar issues, see Fried, 2015; Revelle, 2024). In the face of such ambiguity, 
hypothesis testing may be unwarranted and perhaps even counterproductive (Scheel et al., 2021). 
For example, a lack of consensus over general strain theory’s empirical status might partly 
reflect collective doubts about whether field-typical tests should be interpreted as valid or 
convincing evidence for the theory, particularly when research typically documents correlations 
between self-report survey measures of the theory’s concepts, but underlying stress response 
mechanisms are not themselves directly tested. One potential path to progress in such situations 
might be through theoretical revisions that improve precision and subsequently stimulate severe 
tests of risky hypotheses (Tittle, 1995; Proctor and Niemeyer, 2019; Scheel et al., 2021). We 
certainly encourage such attempts. We also see great promise in experimental designs attempting 
to severely test risky hypotheses derived from (authors’ interpretations of) strain-theoretic 
predictions, particularly when those tests generate externally valid observations of human 
decision-making (cf. Van Gelder et al., 2019; Herman et al., 2024) and are preregistered and 
replicated.  

Of course, this begs the question of how to move forward with this line of research and 
what can be gleaned from the results presented here. Fortunately, another potentially promising 
path to stimulating needed theoretical progress in scientific areas marked by ambiguity or 
imprecision – and the path we follow here – is accumulation of precise descriptive inferences 
aimed at documenting robust phenomena (Tukey, 1969; Eronen and Bringmann 2021). Many 
qualitative researchers are acutely aware of this fact and, generally, of the potential value of rich 
description in pursuing answers to important causal questions (cf. Topalli, Dickinson, and 
Jacques, 2020; King, Keohane, and Verba, 2021: ix-xii). Our quantitative descriptive results are 
not as rich as many in-depth qualitative descriptions but, for (relatively) large-N generalizable 
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research, we similarly aimed for detail, thoroughness, transparency, and reflexivity in describing 
our data. In doing so, we generated “messier” findings than the “simple stories” often found in 
quantitative criminological theory tests. Yet, our messy results document some correlative 
patterns that are consistent with key theoretical expectations from general strain theory (e.g., 
stress clustering, stress deficit, stress amplification, and mediation expectations). In what 
follows, we summarize some of these patterns while discussing the limitations of our own 
approach. 

Overall, our descriptive results were consistent with stress clustering expectations. Urban 
respondents in these data reported more frequently stressing about financial, interpersonal, job, 
and victimization issues, while residents of low SES urban areas in particular reported more 
frequently stressing about financial and victimization issues (see Figure 3). These findings align 
with a large body of evidence documenting that residents of socioeconomically disadvantaged 
communities are more chronically exposed to potent stressors, display more physiological 
indicators of allostatic overload, have poorer health, report higher levels of subjective distress, 
and are at greater risk of experiencing depression, crime, and other psychopathological outcomes 
(e.g., Sampson, Morenoff, and Gannon-Rowley, 2002; Silver, Mulvey, and Swanson, 2002; 
Matheson et al., 2006; Shulz et al., 2012; Robinette et al. 2016). 

Regarding subjective stress and criminal intent associations, perhaps the most notable 
finding was the stark differences observed across within-person and between-person estimates. 
Unadjusted between-person estimates (Figure 4) were largely consistent with strain theory’s 
stress deficit expectations, as respondents who reported more stress also were more likely to 
report criminal intentions and negative emotions. In contrast, within-person results showed 
changes in subjective stress were largely unrelated to changes in the probability of reporting 
criminal intentions, with few exceptions. Similarly, between-person indirect effect estimates 
from mediation models appeared to be consistent with strain theory’s mediation expectations, but 
within-person estimates largely were inconsistent with theoretical expectations. 

Recall from our DAGs (Figure 1) that within-person “FE” estimates are generally 
preferred over between-person estimates when inferring causality from correlations because they 
adjust for (measured and unmeasured) time-invariant sources of confounding that otherwise bias 
between-person estimates generated from the same data (Allison, 2009; Quintana, 2021). Thus, 
one explanation of these differences is that the between-person (T1) estimates of stress-criminal 
intent associations spuriously reflect various sources of confounding. Yet, despite the clear 
advantages they offer over between-person estimates, within-person change estimates from 
observational data also should be interpreted descriptively and should not be used to make strong 
causal inferences in most circumstances (cf. Rohrer and Murayama, 2023).  

One reason is that neither the between-person nor within-person estimators rule out time-
varying sources of confounding, nor do either necessarily adjust for selection or reverse causality 
processes. For example, involvement in crime may cause more difficulties in interpersonal and 
work relationships, and criminal lifestyles or activity routines might expose people to greater 
victimization risks (Bjerk, 2009). Likewise, the link between stress and depression is known to 
be complex and bidirectional, as individuals with histories of depression are more likely to select 
into and to perceive more stressful circumstances that may then cause or maintain depressive 
symptoms (Hammen, 2006; 2015). Thus, as with cross-sectional analyses of observational data, 
the between-person and within-person estimates of stress “effects” on negative emotions or 
crime that are consistent with theoretical expectations might have been generated by theorized 
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causal processes, and/or they may have been generated by one or more alternative and possibly 
contradictory processes (e.g., confounding, selection, or reporting biases; complex bidirectional 
processes) that were not sufficiently ruled out by our research design.  

Another issue is that analysis of rare events requires large samples and within-person 
change estimates require sufficient variation over time to ensure an adequate signal-to-noise ratio 
in the data. Despite having a relatively large sample (n=978 observations from 489 individuals 
participating in both waves), an overwhelming majority of respondents reported no criminal 
intentions of any type in both waves and, thus, no within-person changes. Additionally, consider 
that the within-person estimator describes average within-person change correlations over a very 
specific time lag – in this case, contemporaneous correlations between changes over a two-year 
panel interval. This substantial time interval was designed to increase the chances of observing 
sufficient within-person changes in subjective stress, negative emotions, and crime. The fact that 
both between-person and within-person estimates revealed a large number of positive 
associations of substantial magnitude for certain negative emotions items suggests that the design 
may have been sufficient to detect theoretically expected correlations between changes in 
subjective stress and changes in the probability of reporting negative emotions. Yet, despite 
observing mostly null within-person estimates of stress-criminal intent associations with 
intervals tightly centered around zero, we strongly caution against interpreting these results as 
evidence against general strain theory due to the high potential risks of Type II errors (e.g., 
Brauer, Day, and Hammond, 2021). Rather, we encourage future follow-up research designed 
with much larger samples and perhaps more precise measures to maximize the chances of 
detecting potential effects of very small magnitudes – for instance, a “smallest effect size of 
interest” of potentially less than 2-percentage-point differences in very low baseline predicted 
probabilities on absolute risk scales (see Riesthuis, 2024).   

Regarding community-specific results for criminal intentions, some “plausibly positive” 
within-person estimates were documented and, consistent with stress amplification theoretical 
expectations, these conditional associations were observed and estimated to be much larger in 
magnitude in urban communities where reported stress levels were highest. Examination of the 
item-specific criminal intent estimates suggests that patterns consistent with stress amplification 
expectations were isolated only to correlations between stress about money and theft outcomes. 
That is, urban participants who reported increases in financial stress from T1 to T2 also were 
more likely to report intentions to steal at T2 compared to T1. This pattern aligns with findings 
from prior research and, taken at face value, appears consistent with claims that criminal 
intentions to steal in part reflect instrumental motives to cope with perceived financial stress 
(e.g., Brezina, 2000; Agnew, 2006b; Felson et al., 2012). However, given the mostly null 
associations for other stress and criminal intent items, and considering that small subsamples 
resulted in relatively noisy and imprecise interval estimates, we again recommend follow-up 
research with larger samples.  

With respect to negative emotions, overall findings from both between-person and 
within-person estimates showed a substantial number of positive associations between subjective 
stress and negative emotions. Based on the median of within-person posterior estimates across all 
unadjusted negative emotions models, a two-category change in subjective stress was associated 
with an 8-percentage-point increase on average in the probability of reporting negative emotions. 
Again, these findings are consistent with a large literature documenting robust relationships 
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between stressful experiences, perceived stress, negative affect, and depression (e.g., Hammen, 
2015; Cristóbal-Narváez, Haro, and Koyanagi, 2020; Maciejewski et al., 2021).  

Findings showed substantial heterogeneity in estimates across specific types of stress, 
negative emotions, and communities. However, inconsistent with stress amplification 
expectations, community-specific estimates did not show a clearly distinguishable trend towards 
stronger associations between subjective stress and negative emotions among residents of 
communities with higher aggregate stress levels (e.g., urban, low-SES). The one glaring 
exception was the observation of virtually all null estimates for the “felt you could not shake the 
blues” item, which might indicate this item is a poor indicator of depressive symptoms in this 
sample or, alternatively, that this specific symptom is largely uncorrelated with changes in 
subjective stress in this context.  

Results of mediation models again confirmed a strong positive within-person association 
between changes in “overall” subjective stress (sum scaled) and changes in “criminogenic” 
negative emotions symptoms (variety index). However, increases in these apparently stress-
responsive and presumedly “criminogenic” emotions were largely unrelated to changes in 
criminal intent. Thus, these multivariable correlational findings were largely inconsistent with 
theoretical mediation expectations. They suggest that increases in subjective stress are correlated 
with increases in negative affective feelings of being unfairly treated or betrayed (cf. Brauer, 
Tittle, and Antonaccio, 2019) but that such feelings might not be very “criminogenic” after all, at 
least on average. It remains possible that larger samples and more focused research designs could 
uncover evidence of these theorized causal mediation processes, perhaps with conditional 
estimates representing response contrasts across various theoretically specified conditions (e.g., 
for individuals with particular predispositions; in situations lacking alternative noncriminal 
coping opportunities; in the presence of social pressures to cope with crime; see Agnew, 2006a).  

Overall, the foundational question of whether stress causes crime remains unsettled, 
though the descriptive results raise additional interesting questions and point to pathways for 
future research. For example, it is important to know whether the descriptive patterns we 
document here generalize to other samples and contexts. Specifically, follow-up studies with 
larger samples will help determine more precisely whether average (unadjusted) within-person 
associations between subjective stress and criminal intent indeed are quite small on an absolute 
risk scale and whether within-person conditional estimates replicate with larger magnitudes in 
socioeconomically disadvantaged and high-stress communities. Additionally, focused 
experimental designs, perhaps with vignettes, virtual reality, or lab methods aimed at observing 
short-term causal effects triangulated across multiple precise measurement items, might 
investigate whether increases in financial stress indeed cause instrumental motives or intentions 
to cope with economic crimes. Finally, descriptive research might point out promising pathways 
or potential dead-ends but, whether we start or end with theory, ultimately we need to move 
towards improving the precision of our scientific theories and designing severe tests of precise 
and risky predictions from those theories.   

In conclusion, we encourage more research pursuing detailed documentation of “messy 
description" over tests of ambiguous theories that generate “simple stories." Yes, our descriptive 
results are messy and, in a long manuscript, we have only been able to highlight basic patterns 
that perhaps muddy the waters more than they clarify. However, by transparently providing the 
data, code, and detailed results in an online supplement for all to review, readers interested in 
particular aspects of the research can download the data, dig into the code, and reproduce 
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specific estimates on their own – or reach out to us to help or collaborate! Our hope is that, 
together, we might collectively approach more precise and convincing answers to foundational 
criminological questions that continue to nag our field.  
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APPENDIX 1. Marginal Effects of Stress on Outcome Probabilities, by Estimator, Scaling Method, & Community 

 
Note: N=489 respondents participating at both survey waves. Estimates derived from multivariate (using `brms::mvbind()`) and multilevel between/within Bayesian logistic regression models 
simultaneously regressing all criminal intent outcomes (6*2=12 models) and all negative emotion outcomes (7*2=14 models) separately on a latent IRT and a standardized sum stress scale, and two 
separate models regressing "any criminal intent" on each stress scale. Both stress scales were separated into L2 cross-time average (Xbar_i) between-person and L1 within-person change (X_it - Xbar_i) 
"fixed effects" estimators. Models also included a factor variable for community and multiplicative interactions between community and both L1/L2 stress estimators. Models were estimated in brms 
with 4 chains and 4000 total post-warmup posterior draws per outcome and per community group. Marginal effect contrast distributions were estimated from the expectation of the posterior predictive 
distribution for each model as community-specific predicted probability difference distributions averaged over all 1-unit increases on the stress scale (within) or for a 1SD increase from mean (between; 
"0" vs "1") on initial IRT or standardized latent scale, averaged over the alternative (between or within) stress estimator levels. Median posterior density estimates with 95% intervals displayed. Bold 
point-intervals indicate at least 80% of posterior estimates for the average marginal effect contrast are greater than zero. 
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APPENDIX 2. Marginal Effects of Stress on Outcome Probabilities, by Estimator and Discrete or Continuous Community 

 
Note: N=489 respondents participating at both survey waves. Estimates derived from multivariate (using `brms::mvbind()`) and multilevel between-within Bayesian logistic regression models 
simultaneously regressing  all criminal intent outcomes (6*2=12 models) and all negative emotion outcomes (7*2=14 models) on a standardized sum stress scale separated into L2 cross-time average 
(Xbar_i) between-person and L1 within-person change (X_it - Xbar_i) "fixed effects" estimators. Two separate models also regressed "any criminal intent" on stress. "Discrete" community models 
included a factor variable for community and multiplicative interactions  between community and both L1/L2 stress estimators. "Continuous" community models included three- way interactions 
between stress, a rural/urban binary indicator, and a continuous standardized community level SES variable to assess robustness of results across community measurement. Models were estimated in 
brms with 4 chains and 4000 total post-warmup posterior draws per outcome and per community group. Marginal effect contrast distributions were estimated from the expectation of the posterior 
predictive distribution for each model as community-specific predicted probability difference distributions averaged over all 1-unit increases on the stress scale (within) or for a 1SD increase from mean 
(between; "0" vs "1") on initial IRT or standardized latent scale, averaged over the alternative (between or within) stress estimator levels. In bottom panel, predicted contrasts were estimated for 
rural/urban communities with -1SD (low) and +1SD (high) continuous L2 SES levels. Median posterior density estimates with 95% intervals displayed. Bold point-intervals indicate at least 80% of 
posterior estimates for the average marginal effect contrast are greater than zero.  
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