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ABSTRACT 
Prominent theories of compulsivity disagree quite fundamentally about whether 
compulsions are goal-oriented behaviours or are urge-driven and habitual. To shed 
light on this debate, we analysed self-report symptoms and cognition from N=180 
individuals with and without diagnoses who performed compulsions. Six weeks of 
three-times daily timeseries data were gathered from a transdiagnostic sample who 
checked their phone compulsively, binge ate, or engaged in compulsions commonly 
seen in OCD (e.g. checking, cleaning). Across compulsions, the within-person 
association between compulsive behaviour and urges was 3x stronger than with 
obsessive thoughts and 4x stronger than with anxiety. We found evidence for urges 
Granger-causing compulsions, while compulsions themselves had a markedly low 
tendency to predict themselves compared to the other mental health symptoms 
sampled. Finally, like habits, compulsions occurred more often when executive 
functioning was low. Findings were remarkably similar across compulsions, supporting 
the notion that transdiagnostically, a habit-like mechanism may underlie compulsivity. 
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Compulsions are repetitive behaviours or mental acts that an individual feels driven to 
perform, even though those behaviours may conflict with high-level goals or serve no 
adaptive function1, 2. Although a transdiagnostic construct3, 4, compulsivity is perhaps 
best exemplified by obsessive-compulsive disorder (OCD). The Diagnostic and 
Statistical Manual (DSM) defines compulsions in OCD as behaviours that arise either 
in response to an obsession, or according to rules that must be applied rigidly2. This 
presents a causal view of the genesis of compulsions that is in line with cognitive 
behavioural accounts of OCD, which suggest that obsessions, distressing and 
repetitive thoughts, and emotion states like anxiety give rise to compulsions5. 
Compulsive behaviours are thus framed as maladaptive, but nonetheless goal-
oriented attempts to reduce or eliminate distressing thoughts and emotions. A similar 
framework is used to explain drug addiction, where it has been suggested that 
excessive valuation of drugs drives apparently compulsive craving6. The habit 
hypothesis offers an alternative view, which suggests compulsions are better 
understood as automatic, stimulus-response behaviours7, that are driven by external 
cues triggering urges, and can be carried out independent of their outcomes8. This 
perspective goes further to suggest that, in OCD, compulsions might even cause 
obsessions to develop as a post hoc explanation for behaviour or to reduce the 
cognitive dissonance that compulsive urges might generate9, 10.  

Considerable evidence for the habit hypothesis comes from cross-sectional studies 
using simple learning tasks where new stimulus-response behaviours are trained in 
the lab and then later tested for sensitivity to outcome value11, 12. In such studies, 
compulsive individuals often show the hallmarks of habit13-15: stimulus-driven 
behaviours that persist when they no longer serve a purpose16. In addition to this, 
studies have shown that a critical cognitive capacity that is important for curtailing 
habits17, 18, goal-directed (or ‘model-based’) decision-making, is compromised across 
the compulsivity spectrum19-24. In lab settings, healthy individuals who repeatedly 
perform previously meaningless behaviours often begin to experience subjective 
urges to perform them25, 26. These premonitory urges or uncomfortable sensations, 
that even arise in the absence of any specific distressing worries or thoughts27-30, 
mirror urges qualitatively described by OCD patients in their everyday lives31. This 
phenomenon appears across clinical and non-clinical populations—for example, 
patients with binge-eating disorder describe strong urges that precede binge 
episodes32, as do normative samples who engage in compulsive phone-checking33. 
Although suggestive, empirical research, conducted in the real world, is needed to 
develop our understanding of the putatively habit-like properties of compulsions and 
understand how they relate to other disabling symptoms like anxiety and obsessions.  

Ecological momentary assessment (EMA), which involves dense and repeated 
sampling of symptoms in real life, has become an increasingly popular approach in 
psychological sciences. The timeseries data generated through this method can allow 
us to examine how compulsions relate to emotions, thoughts, and cognitive functions 
within-person. It can also provide mechanistic insight using the Granger causality 
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framework34. Taking this approach, the present study gathered six weeks of three-
times daily EMA data from a transdiagnostic sample who checked their phone 
compulsively, binge ate, or engaged in one of a selection of compulsive behaviours 
commonly seen in OCD (e.g. checking, cleaning). By recruiting three groups with 
distinct manifestations of compulsivity, we aimed to test the extent to which the 
phenomenology generalises beyond diagnostic boundaries. Specifically, we 
hypothesised that compulsions in real life would be more strongly linked to urges than 
other candidate precursors like anxiety or obsessions. Consistent with this, the 
strongest within-person correlate of compulsivity was the experience of urges and this 
was three times larger than that of obsessive thoughts and five times larger than 
anxiety. Moreover, only urges and attempts to resist performing an action temporally 
preceded compulsive action. In an exploratory analysis, we found that compulsions 
had remarkably low autocorrelation compared to all other EMA items, which may be 
consistent with the idea that compulsions are phasic, reactive, and primarily driven by 
cues. Using a passively generated measure of cognitive processing speed35, we 
tested if compulsivity increases when cognitive functioning is reduced. Similar to what 
has been shown for habits36, we found that compulsions are performed more when 
cognition is compromised. For all these analyses, we found that although some small 
differences emerged, the findings were overall strikingly consistent across the different 
forms of compulsivity studied. 
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RESULTS 
The trait and state phenomenology of OCD compulsions is near 
indistinguishable from binge-eating and phone-checking compulsions 

First, we tested if our three behaviour types – OCD compulsions, eating compulsions 
and phone-checking compulsions – were comparable in the amount of time spent 
performing them (i.e., their compulsivity). We found no difference between groups in 
the mean of self-reported compulsivity over the 6 weeks of the study (pFDR>0.05). Next, 
we tested for differences in the 10 other psychological states assessed via EMA: urges 
to perform the compulsion, efforts to resist, degree of control over the compulsion, 
having obsessive thoughts, experiencing stressful events, boredom, guilt, happiness, 
tiredness and anxiety. There were no group-differences in mean symptom levels in 
any of the EMA items (all pFDR>0.05; Fig. 1A). Likewise, we found no differences in 
variance of the EMA items between the groups (all pFDR>0.05; Fig. 1B). Turning to self-
reported trait levels of transdiagnostic psychopathology, the groups did not differ in 
their ‘anxious depression’ (AD) levels (minimum pFDR=0.39), but the OCD-behaviour 
group reported higher ‘compulsivity and intrusive thought’ (CIT) compared to the 
binge-eating group (difference=0.44, pFDR=0.02; Fig. 1C). 
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Figure 1: At both state and trait levels, the phenomenology of compulsions is preserved 
across compulsive behaviour types. (A) Mean symptom levels measured across 11 
ecological momentary assessment items show no statistical difference between any of the 
three compulsive behaviour types. (B) In line with this, we found no differences between the 
compulsive behaviour types for the variance in symptom levels across the 11 ecological 
momentary assessment items. (C) Transdiagnostic dimensions of symptom severity only 
differed for compulsivity & intrusive thought (right panel) where the OCD-behaviour group 
reported higher severity levels compared to the binge-eating group. There were no group 
differences for anxious-depression. In all panels, coloured dots show individual-level data 
averaged across all available assessments within person while boxplots summarize the data 
across participants with the box outlines depicting the interquartile range and the line in the 
middle depicting the median.  
Annotation: * = p < .05; ** = p < .01; *** = p < .001 
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Urge is the strongest within-person correlate of time spent performing 
compulsions in all three groups  

We ran linear mixed-effects models to test how within-person fluctuations in the 10 
psychological states were linked to compulsivity in the three types of compulsions. 
Compulsivity was contemporaneously associated with all ten states (positively-coded 
states: -0.11<mean β<-0.38, negatively-coded states: 0.09<mean β<0.61; all 
pFDR<0.001, Fig. 2A). The strongest link was observed for urges (β=0.61), and this 
was true for all three groups (OCD behaviours: β=0.70; binge eating: β=0.51; phone 
checking: β=0.63). Repetitive obsessive thoughts (β=0.21) and anxiety (β=0.15) were 
considerably weaker correlates, with the effect size of urge exceeding obsessive 
thoughts three-fold and exceeding anxiety four-fold. The weakest within-person 
correlates of compulsivity were feeling tired (β=0.09) and experiencing stressful events 
(β=0.11).  

Next, we tested for differences across the three behaviour types. Seven between-
group differences in these contemporaneous associations survived FDR correction, 
out of the 30 tested (supplementary Fig. S1 and Tab. S1). The association between 
urge and compulsivity was stronger in the OCD-behaviour group compared to binge-
eating (Dβ=0.18, pFDR=0.042). The OCD-behaviour group had a stronger link between 
compulsivity and obsessive thoughts than the binge-eating group (Dβ=0.25, 
pFDR=0.003), while stressful events were more strongly linked to compulsivity in the 
OCD-behaviour group compared to binge-eating (Dβ=0.16, pFDR=0.03) and phone-
checking (Dβ=0.14, pFDR=0.045). The phone-checking group had a stronger link 
between boredom and compulsivity than the binge-eating (Dβ=0.22, pFDR<0.001) and 
OCD-behaviour groups (Dβ=0.28, pFDR<0.001). Finally, the OCD-behaviour group had 
a stronger link between compulsivity and anxiety compared to the binge-eating group 
(Dβ=0.17, pFDR=0.03). 

 

Urges and attempts to resist are the only psychological states that significantly 
predicted future compulsivity 

We tested if any of the ten EMA items predicted compulsivity at the next assessment 
point, over and above the information contained in the autocorrelation of compulsivity. 
This is a method for establishing Granger causality in observational time series data. 
Strikingly, only urges (β=0.09, pFDR<0.001) and attempts to resist (β=0.05, pFDR=0.02) 
predicted the future performance of compulsions (Fig. 2B). There were no differences 
between the groups in the strengths of these predictive relationships (supplementary 
Fig. S2 and Tab. S2), and we did not find evidence for reverse Granger causation for 
any EMA item (Fig. 2B), as there were no significant effects for the opposite direction 
across or between the groups (all pFDR>0.05).  
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Compulsivity is characterised by low autocorrelation 

While all EMA variables showed significant autocorrelation (all pFDR<0.001, Fig. 2C), 
we observed the lowest autocorrelation for compulsivity (β=0.11) followed by feeling 
in control of compulsions (β=0.13), urges to perform them (β=0.15) and trying to resist 
them (β=0.17). In comparison, the remaining states; that is, happiness, anxiety, 
obsessive thoughts, stress, guilt, tiredness and boredom showed comparable or 
higher estimates (0.17<β<0.30). There was only one difference between the three 
behaviour groups of 30 tested that survived FDR correction (supplementary Fig. S3 
and Tab. S3); compulsivity had lower autocorrelation in the binge-eating group than 
the other two groups (phone checking: Dβ=0.17, pFDR<0.001; OCD behaviours: 
Dβ=0.13, pFDR=0.02). In fact, the autocorrelation was not statistically significant in the 
binge-eating group (β=0.009, pFDR=0.82) while there was a positive autocorrelation for 
phone checking (β=0.18, pFDR<0.001) and OCD behaviours (β=0.14, pFDR<0.001). 

 

Multivariate (network) models show comparable findings 

Next, to add context to our findings from the univariate approach, we carried out a 
multivariate analysis that takes contemporaneous and directed associations between 
all variables into account by calculating partial correlations (Fig. 2D). In this network 
analysis including all eleven EMA variables, compulsivity showed an even lower 
temporal autocorrelation (β=0.04) compared to all other states (0.12<β<0.23; Fig. 2E). 



Compulsivity EMA Teckentrup et al. 9  
 

 
Figure 2: Urges and attempts to resist the compulsion show the largest association 
with compulsivity. Univariate models assessing the (A) contemporaneous association 
between compulsivity (time spent on the compulsion) and the remaining ten psychological 
experiences indicate urges as the biggest contributing factor, with its effect size exceeding 
that of obsessive thoughts three-fold and anxiety four-fold. (B) Running directed (time-lagged) 
associations with either psychological experiences predicting compulsivity at the next time 
point or vice versa, reveal that only urges and attempts to resist predict future compulsivity 
with no evidence for reverse Granger causation. (C) All psychological experiences showed 
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significant autocorrelation. However, compulsivity had the lowest autocorrelation followed by 
feelings of being in control, urges, and attempts to resist compulsions. (D) A multivariate 
model, that takes associations between all ecological momentary assessment (EMA) 
variables into account at once, confirms urges and attempts to resist compulsions as the main 
predictors of compulsivity. Again, obsessive thoughts and feelings of anxiety did not show a 
significant directed relationship with compulsivity. Interestingly, the autocorrelation of 
compulsivity is strikingly low, even though compulsive action appears to be driven by 
behavioural states with comparingly higher tendencies to predict themselves (urges and 
attempts to resist compulsions). (E) Indeed, compulsivity showed the lowest autocorrelation 
out of all EMA variables in both the multivariate and, to a lesser degree, in the univariate 
model. (F) As directed multivariate network models require a high number of datapoints within-
person to achieve stable outcomes, we ran a network stability test wherein we iteratively drop 
data points within-person in increments of 5% up to 85% of the data dropped and compare 
the network structure derived from the unaltered time series to the network structure derived 
from the down-sampled data. The stability coefficient for networks derived from the current 
data was 0.6, meaning that 60% of the data can be dropped (or only 40% of the data points 
need to be preserved) to still retain a correlation of r=0.7 (red dashed line) between the 
networks derived from the full time series and the down-sampled time series. 
Annotation: * = p < .05; ** = p < .01; *** = p < .001  
Network model nodes: COMP: compulsivity (time spent performing compulsions); RESIST: try to resist; URGE:  urge, CONTROL: 
feel in control; OBSESS: obsessive thoughts; STRESS: stressful events; BORED: bored; GUILTY: guilty; HAPPY: happy; TIRED: 
tired; ANXIOUS: anxious 

 

Within-person, slower cognitive processing speed is related to compulsive 
behaviour dynamics 

Next, we assessed how compulsivity related to within-person changes in cognition 
measured using Digital Questionnaire Response Time (DQRT), a passive measure of 
cognitive processing speed based on survey item response times35. 
Contemporaneously, all affective states and compulsive tendencies, except for 
tiredness, were linked to slower cognitive processing speed (positively-coded states: 
-0.029<β<-0.047, negatively-coded states: 0.03<β<0.09; all pFDR<0.05; Fig. 3A). The 
strongest effect was for cognitive processing speed to be slower at the same time as 
individuals experienced greater urges (β=0.09, pFDR<0.001). This effect was twice the 
size of that for anxiety (β=0.04, pFDR=0.01) but of a similar size as that for obsessive 
thoughts (β=0.07, pFDR<0.001). There were no significant directed effects for DQRT 
and the EMA items in either direction (all pFDR>0.05; Fig. 3B). All relationships were 
consistent across the three behaviour types, with no significant differences observed 
(supplementary Fig. S4 and Tab. S4). In terms of individual differences, mean DQRT 
was slower in the OCD-behaviour group compared to the phone-checking group 
(Dβ=0.43, pFDR=0.01; Fig. 3C), but there were no differences between the OCD-
behaviour and binge-eating groups (Dβ=0.20, pFDR=0.20) or between the binge-eating 
group and phone-checking group (Dβ=0.22, pFDR=0.20). Clinical severity in terms of 
AD and CIT was not linked to mean DQRT (both p>0.05). 

 

 



Compulsivity EMA Teckentrup et al. 11  
 

Between-person assessments of symptom severity and cognition do not show 
a significant association with real-world compulsive dynamics 

In a final set of analyses, we were interested in whether there were individual 
differences in how compulsivity related to other symptoms. For example, if more 
anxious patients might have stronger links between anxiety and compulsivity. This 
could contribute to explaining the heterogeneity of clinical presentation within 
disorders of compulsion. To do this, we examined how transdiagnostic clinical scores 
of AD and CIT related to the EMA data. Higher compulsivity and intrusive thought was 
linked to increases in compulsivity (β=0.21, pFDR=0.04), more urges (β=0.18, 
pFDR=0.04) and higher stress (β=0.18, pFDR=0.04). Higher AD, in contrast, was linked 
to increases in all EMA scores (0.24<β<0.40, all pFDR<0.01), except for trying to resist 
the compulsion and feeling in control. Against our prediction, neither CIT nor AD 
modulated the contemporaneous association between EMA scores and compulsivity 
(all pFDR>0.05) with one exception – higher AD was linked to a reduced association 
between feeling in control and compulsivity (β=-0.10, pFDR=0.04). Neither dimension 
modulated the directed associations between EMA scores and compulsivity (all 
pFDR>0.05). In contrast, an increased autocorrelation for stressful events was 
associated with higher CIT (β=0.07, pFDR=0.009) whereas higher AD was linked to 
higher autocorrelation for feeling bored (β=0.07, pFDR=0.01).  

Although the sample size was small, we also explored if task-based assessments of 
metacognitive confidence and model-based planning (gathered once at baseline) 
were related to differences in how compulsivity related to other EMA items. Neither 
metacognitive confidence (Fig. 3D) nor model-based planning (Fig. 3E) differed 
between groups (all pFDR>0.05). Moreover, there was no relationship between scores 
on either task and compulsivity (model-based planning: β=-0.06, pFDR=0.93; 
metacognitive confidence: β=0.1, pFDR=0.61), or any other EMA item (all pFDR>0.05). 
Similarly, neither cognitive measure was associated with individual differences in the 
autocorrelation of compulsivity, or its contemporaneous or directed associations with 
EMA scores (all pFDR>0.05). 
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Figure 3: Within-person, slower cognitive processing speed is linked to higher 
compulsivity. (A) Contemporaneously, cognitive processing speed as measured by Digital 
Questionnaire Response Time (DQRT), a passive measure of cognitive processing speed 
based on survey item response times, is slower for worse scores in all ecological momentary 
assessment (EMA) variables except for feeling tired. (B) We did not find any significant 
associations for directed associations with either EMA variables predicting future DQRT or 
vice versa. (C) One-time assessments of metacognitive bias and model-based planning show 
no group-level differences but mean cognitive processing speed was slower in the OCD-
behaviour group compared to the phone-checking group. 
Annotation: * = p < .05; ** = p < .01; *** = p < .001 
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DISCUSSION 
There is considerable debate around whether compulsive actions are goal-oriented or 
habitual37. Cognitive theories suggest in addiction, compulsive behaviours are 
attempts to obtain a highly valued reward6 and in OCD, compulsions are attempts to 
reduce distress caused by maladaptive cognitions and anxiety5, 38. The habit 
hypothesis proposes that compulsions arise from an over-activation of the brain’s habit 
system whereby external stimuli or contexts can trigger an urge to complete a 
response that is both irresistible and independent of current motivation11, 12. So far, 
evidence for the role of habit has predominantly come from lab-based studies of newly 
learnt behaviours. This controlled approach isolates general mechanisms that confer 
vulnerability to compulsivity, avoiding the confounds of well-established compulsive 
routines and associated cognitions. However, this gain in experimental control comes 
at the cost of ecological validity. Here, we took a different approach and used 
ecological momentary assessments to examine if real-life compulsions have habitual 
properties, and if the compulsivity phenomenon truly generalizes beyond diagnostic 
boundaries.  

We found that that compulsivity was strongly related to urges, far more than other 
experiences sampled, including obsessions or anxiety. This was true overall, and for 
each compulsion type individually. Furthermore, only urges and attempts to resist the 
compulsion met the criteria for Granger causation. These findings add to a growing 
literature highlighting the role of urges in compulsive phenomenology28. In the present 
study, there was no evidence for reverse Granger causality – that is, we did not find 
any evidence that performing compulsions predicted increases or decreases in future 
EMA items. However, it is possible that our timescale of investigation (three times a 
day with five hours between assessments) was simply not rapid enough to measure 
this. For example, one study measured urges in OCD patients at the level of seconds 
and found that when not suppressed, urges increased before performing mental 
compulsions and decreased following execution in around 60 seconds27. We also 
found that compulsions had remarkably low autocorrelation, particularly when we 
considered all other EMA items in our multivariate models. To put this in context, the 
autocorrelation estimate for obsessive thoughts was twice and five times the size of 
that for compulsivity for the univariate and multivariate models, respectively. This 
observation is interesting but may not be particularly discerning of either framework – 
as goal-directed behaviour and habits alike might be expected to have low 
autocorrelation. What it does underscore, however, is that compulsions, unlike 
emotional states, do not appear to feed-forward onto themselves over time.  

Experimental studies have shown that habits are more likely to be expressed under 
conditions where executive control is compromised, for example through cognitive 
load36, stress39 or in rodents, following targeted deactivations of goal-directed brain 
systems40. Here, we found naturalistic within-person data in line with this account. 
Participants spent more time performing compulsions and had stronger urges when 
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their executive functioning was lower than usual, though overall the effects were non-
specific as cognitive slowing was linked to increases in all negative states (except 
tiredness). Unlike a recent study (with a larger sample) that found that depression 
symptoms temporally predicted cognitive slowing using DQRT41, here we did not find 
evidence for Granger causality in either direction. In terms of cross-sectional cognition, 
studies have identified cognitive differences in individuals high in compulsivity, such 
as model-based planning21 and metacognitive confidence42. One possibility is that 
these individual differences might map onto different manifestations of compulsivity. 
However, we did not find evidence that model-based planning or metacognitive 
confidence was linked to the severity of real-world compulsivity or any dynamic 
property of compulsivity studied using EMA. This could be due to low power. Previous 
work has shown reliable but small effect sizes for both associations21 42, requiring 
hundreds of participants. 

Our findings were remarkably similar across the different compulsion types we studied. 
The DSM has begun to recognise that compulsivity is a transdiagnostic construct, 
acknowledging shared compulsive features in eating disorders or addiction 
disorders43. Compulsive phone-checking is not recognized by the DSM, but studies 
increasingly show it has substantial overlap with OCD symptomatology3, 4. The most 
substantial group-difference we found was a significantly lower autocorrelation for 
compulsivity in the binge-eating group. This might be due to differences in the 
phenomenology of binges which according to the diagnostic criteria are expected to 
occur less frequently (a minimum of 1 day per week) than OCD compulsions (taking 
up to an hour per day)2. Notwithstanding, it is striking that urges were the strongest 
correlate of compulsive behaviour in all three compulsive behaviour types.  

This study had a number of limitations. One important point to consider is the influence 
that a sampling rate of three times per day has on the present findings. According to 
the Nyquist theorem in signal processing44, to correctly characterize the frequency of 
a fluctuating time series, the sampling rate needs to be twice the size of the highest 
frequency component in the signal. For depression, it has been suggested that one 
assessment per week could suffice45. In individuals without a diagnosis, one 
occurrence of intrusive thoughts was observed per two weeks46. Things get more 
complex, however, when one aims to map temporal relationships between variables. 
For instance, in an observational study of hand-washing behaviour between 7 and 38 
hand-washing episodes occurred per day and urges were commonly reported only 
once, even if they were followed by multiple hand-washing attempts47. For this reason, 
we see the present study as a starting point for future efforts to map out these relations 
at both faster (minutes) and slower frequencies (months) to build robust and falsifiable 
models of these dynamics. Finally, it should be noted that observational time-series 
data cannot establish causal relationships. The psychological processes assessed 
could still collectively be affected by external, unmeasured factors, making variables 
appear causally related. Still, approaches that rely on temporal precedence such as 
the one employed in this EMA study provide vital information on which mechanisms 
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to target for future intervention-based research48. 

To conclude, we used EMA to robustly characterise the real-time dynamics of OCD, 
binge-eating, and phone-checking compulsions in daily life. Several observations were 
consistent with a role for habitual processes in compulsivity, most notably the 
importance of premonitory urges. While these data do not dispute the importance of 
maladaptive beliefs and anxiety in OCD and other compulsive disorders, they prompt 
a reconsideration of their moment-to-moment relevance for compulsive behaviour.  
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METHODS 
Participants 
We recruited individuals with OCD compulsions in collaboration with Hertfordshire 
Partnership NHS Foundation Trust (Hertfordshire, UK; N=16) and South West London 
and St George's Mental Health NHS Trust (London, UK; N=4), and recruited 
individuals with eating compulsions in collaboration with the Icahn School of Medicine 
at Mount Sinai (New York, USA; N=37). Additionally, N=54 individuals were recruited 
from an existing database as they previously participated in research on OCD 
compulsions and had consented to being contacted for future studies23. Individuals 
interested in taking part in the study were screened using the Mini-International 
Neuropsychiatric Interview49 and could proceed to the data collection phase if they 
fulfilled the criteria for obsessive-compulsive disorder, binge-eating disorder or bulimia 
nervosa. Participants were instructed to download the smartphone research app 
‘Neureka’ and to complete the ‘Pattern Wise’ module, a digital tracker assessing 
moment-to-moment experiences of an individually chosen compulsive behaviour three 
times a day over 6 weeks. Patients in the UK were paid £40 and patients in the US 
were paid $50 for participating in the study. Additionally, we included citizen scientists 
(N=2105) who voluntarily subscribed to ‘Pattern Wise’ without remuneration and chose 
to track one of either traditional OCD behaviours (this included checking locks, 
cleaning, checking appliances, and counting), eating, or phone-checking. 

To be included for analyses, participants had to be at least 18 years of age and had 
to have a minimum of 50% of the ‘Pattern Wise’ assessments (Nassessments=63) 
completed. Within the sample of individuals with a diagnosis, 57 individuals (OCD 
behaviours: N=39, binge eating: N=18) fulfilled the inclusion criteria and a total of 123 
participants (OCD behaviours: N=24, binge eating: N=35, phone checking: N=64) 
without a diagnosis (citizen scientist sample) were included after the inclusion check. 
Please refer to Fig. S5 for a flowchart of the recruitment process and to Table S5 for 
detailed participant demographics. Among the included participants, individuals with a 
diagnosis who were paid for participation in the study completed 86.3±11.5% of the 
assessments (OCD behaviours: 86%, binge eating: 86.9%) and individuals without a 
diagnosis who were unpaid completed 72.6±14.8% of the assessments (OCD 
behaviours: 75.2%, binge eating: 74.3%, phone checking: 70.7%). For comparisons 
of the phenomenology of compulsions between participants with a diagnosis and those 
without, please see Fig. S8 in the online supplement. All participants gave written 
informed consent for their data to be included in analyses. The study protocol was 
approved by the research ethics committee of the School of Psychology, Trinity 
College Dublin (approval number: SPREC012021-12). Data collected through the 
Neureka app is stored and processed in line with the EU General Data Protection 
Regulations. 
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Experimental Procedure 
Participants downloaded the smartphone research app ‘Neureka’ and completed the 
sign-up process which included questions pertaining to their demographics such as 
age, gender, and education level. After sign-up, individuals with a diagnosis were 
instructed to start the ‘Pattern Wise’ module and complete two short games (Cannon 
Blast and Meta Mind) testing facets of cognition which have previously been linked to 
compulsive behaviours. In contrast, citizen scientists were free to explore ‘Neureka’, 
and we only included individuals who chose to complete ‘Pattern Wise’. A subset of 
these individuals also chose to complete one or both cognitive games. However, this 
was not required to be included in the analyses. 

 

Modules 
Pattern Wise – Momentary compulsive experiences 
The Pattern Wise module is an ecological momentary assessment (EMA) tool that 
follows participants for 42 days and asks them to rate their momentary compulsive 
experiences three times a day. Upon starting the module, participants first choose the 
behaviour they want to track from a list of pre-specified options or selecting ‘other’ to 
track an individually defined behaviour. Participants then complete four items 
assessing the clinical relevance of their compulsions before entering the EMA phase 
of the module. Here, participants receive notifications three times per day to complete 
11 items assessing their compulsive experiences over the last two hours. Items were 
presented in a fixed order; the first 8 items are unipolar and assess the time spent 
doing the individually chosen compulsion (referred to as ‘compulsivity’ in the results 
section), if the participant tried to resist (try to resist), if they felt an urge to start the 
compulsive behaviour (urge), if they felt in control over their compulsions (feel in 
control), if they had repetitive distressing thoughts (obsessive thoughts), if they 
experienced stressful events (stressful events), and if they felt bored (bored) or guilty 
(guilty). The remaining 3 items are bipolar and ask for participants’ affect on a 
continuum from happy to sad (happy), energetic to tired (tired), and relaxed to anxious 
(anxious). The three assessments per day were always spaced five hours apart but 
participants could customize the set of assessment times to best accommodate their 
daily-life habits. Once a week, participants further completed an adapted version of 
the Work and Social Adjustment Scale50 that considered their chosen compulsion, 
which was not included in the analyses reported here. 
 

Transdiagnostic dimensions – self-report questionnaires 
A subset of participants (N=160) completed 49 items selected from six self-report 
questionnaires assessing depression (SDS; Zung Self-Rating Depression Scale)51, 
trait anxiety (STAI; State Trait Anxiety Inventory)52, impulsivity (BIS-11; Barratt 
Impulsiveness Scale)53, obsessive–compulsive disorder (OCI-R; Obsessive–
Compulsive Inventory–Revised)54, eating disorders (EAT; Eating Attitudes Test)55, 
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apathy (AES; Apathy Evaluation Scale)56. This set of items has been validated57 
against the original set of 209 items58 used to derive transdiagnostic factors of 
psychopathology that summarize the item-level responses. Applying the factor 
weights from Wise and Dolan 57 to the item-level responses yields two transdiagnostic 
factors reflecting anxious-depression and compulsivity and intrusive thought.  

 

Gamified cognitive tasks 
Meta Mind (Perceptual decision-making task) – Metacognitive confidence bias 

Meta Mind is a gamified version of a perceptual decision-making task 59 assessing an 
individuals’ ability to reflect upon their own cognitive ability. Among other measures, 
the task allows to derive an individuals’ metacognitive bias, a measure of their average 
level of confidence in their own choices in a difficult perceptual decision-making 
problem. Previous work has repeatedly shown that individuals scoring higher in 
compulsive traits tend to report higher confidence in their own choices whereas 
individuals high in anxiety and depression are underconfident 60-62.  A detailed 
description and validation of Meta Mind has previously been published 42 and further 
information is available in the online supplement. In their screening sessions, 
participants with a diagnosis were instructed to complete Meta Mind as a one-time 
assessment in the Neureka app while citizen scientists freely explored the app. Still, 
completing Meta Mind was not required for inclusion in the analysis and a subset of 
N=144 out of the full 180 participants had valid data on their metacognitive bias. 

 

Cannon Blast (Two-Step Task) – Model-based planning 

Cannon Blast is a gamified version of the two-step reinforcement learning task 17 which 
estimates a participant’s ‘model-based’ tendency, representing the extent to which 
they make decisions using a mental map of action-outcome associations. Previous 
work has shown that compulsivity is linked to a reduction in model-based decision-
making 24, 58, hence, boosting the tendency to follow habits in individuals high in 
compulsivity 7.  A detailed description and validation of Cannon Blast has previously 
been published 21 and further information is available in the online supplement. In their 
screening sessions, participants with a diagnosis were instructed to complete Cannon 
Blast as a one-time assessment in the Neureka app while citizen scientists freely 
played this game. Again, completing Cannon Blast was not required for inclusion in 
the analysis and a subset of N=144 out of the full 180 participants had valid data on 
their tendency to make model-based choices. 

 

Digital questionnaire response time – Cognitive processing speed 
We used a recently validated passive measure to assess a third facet of cognitive 
ability, cognitive processing speed. Digital Questionnaire Response Time (DQRT)35 
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uses item-level timestamps to derive item-to-item response times which have been 
shown to be linked to traditional task-based measures of processing speed. Here, we 
averaged across the 11 EMA items presented at each assessment timepoint in the 
‘Pattern Wise’ module to derive momentary measures of cognitive processing speed 
that we used to quantify moment-to-moment change in cognition. By taking the mean 
DQRT across all assessments within-person, we further looked into group-level 
differences in cognitive processing speed which have been shown to be linked to 
differences in compulsivity in previous work63. A detailed description of DQRT is 
available in the online supplement. As DQRT is based on the EMA items, all N=180 
participants also had valid data for analyses using DQRT. 

 

Data Analysis 
All data were pre-processed and analysed using R Statistical Software v4.4.0 64, and 
all scripts used to generate the results and figures can be accessed on the Open 
Science Framework: https://osf.io/s2z7n/. 

 

EMA data preparation  
To facilitate model estimation, we added a small amount of random noise drawn from 
a uniform distribution between -0.1 and +0.1 to each EMA variable. This ensured that 
models could be estimated even if participants repeatedly selected the same value for 
an EMA variable, thus, reducing the variability. EMA data can contain trends that 
violate the assumption of stationarity. We tested each time series across all 11 EMA 
items for stationarity using the Kwiatkowski–Phillips–Schmidt–Shin (KPSS) test. A 
majority of the time series (65%) was stationary65, so we did not additionally detrend 
the EMA time series. Longitudinal DQRT is known to be subject to a training effect, 
meaning that DQRT reduces over time following a negative exponential curve35. To 
remove these and lower order trends from DQRT, we ran a regression model 
predicting longitudinal DQRT by assessment day (the number of days elapsed from 
the start of Pattern Wise) to model the linear trend and assessment day raised to the 
power of -0.2 to model the negative exponential trend. We then added the residuals 
from this model to the intercept to obtain detrended DQRT values. 

For all models, continuous variables used as predictors were scaled and mean-
centred across the sample except for models based on longitudinal data where 
predictors were centred within-participant to improve model convergence. The group 
variable reflecting the three behaviour types was implemented as a factor variable with 
contrast coding with the phone-checking group defined as the base level. The factor 
variable was set up to have a mean value of zero and a standard deviation of one, 
thus, bringing it in line with the scaled continuous predictor variables. 

https://osf.io/s2z7n/
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Between-person analyses of group differences 
To assess differences between the three compulsive behaviour types on the between-
person level, we ran ANOVAs that included group (OCD behaviours, binge eating, 
phone checking) as a predictor and age, gender, and education as covariates. Post-
hoc tests were run using the multcomp66 package in R. Resulting p-values were 
corrected for multiple comparisons across EMA variables and pairwise comparisons 
between the groups by controlling the false discovery rate (FDR) using the Benjamini-
Hochberg method67. This type of model was used to assess group differences in 
transdiagnostic dimensions, metacognitive bias, model-based planning, mean 
cognitive processing speed and variance in EMA items over time. 

 

Univariate analyses on data acquired through repeated assessments 

Our main goal was to identify mechanisms driving compulsive action. Hence, the EMA 
item assessing time spent on performing the individually chosen compulsion was our 
main variable of interest which we termed ‘compulsivity’ and used as the dependent 
variable in most models using EMA data. All models were based on the 
implementation of multilevel vector autoregression models as outlined in the R 
package ‘mlVAR‘68 but modified to run univariate analyses using lme469 that allowed 
to include covariates. 

To test for potential mechanistic or directed effects of each of the 10 EMA variables 
on compulsivity, we ran time-lagged models which are a method of establishing 
Granger causality. A variable Granger-causes a target variable if its past values 
contain information to predict the target variable above and beyond the information 
contained in the target variable alone34. As fixed effects, each model included the time-
lagged time series of the respective EMA variable and the time-lagged time series of 
compulsivity as a predictor. The latter was added to isolate the unique contribution of 
each EMA variable’s time course above and beyond the autocorrelation of 
compulsivity. The mean across time within each participant (excluding the mean of the 
dependent variable) was included as a predictor to estimate between-person effects. 
We added interaction terms with group (OCD behaviours, binge eating, phone 
checking), age, gender, and education for both predictor time series. The interaction 
term with group was submitted to further analysis using the marginaleffects70 R 
package to extract group-specific estimates and all pairwise comparisons between the 
three behaviour types. Pairwise comparisons were corrected for multiple comparisons 
within the marginaleffects function by controlling the FDR. The remaining interaction 
terms were added to account for covariates of no interest. On the second (participant) 
level, we modelled both random intercepts and random slopes for the time-lagged 
EMA and compulsivity predictors. We ran the same model with compulsivity and each 
of the 10 remaining EMA variables as dependent variables to test for Granger-
causality in both directions (EMA predicting compulsivity and compulsivity predicting 
EMA). Following the established two-step method of mlVAR, we then estimated within-
person contemporaneous associations between compulsivity and each of the 10 



Compulsivity EMA Teckentrup et al. 21  
 

remaining EMA variables using the residuals extracted from the directional models 
estimated in step one. For this, we averaged the estimates for how well each of the 
EMA-related residuals predicted the compulsivity residuals and how well the 
compulsivity residuals predicted each of the EMA-related residuals. Again, we added 
an interaction term for group to the residual models to extract group-specific estimates 
and all pairwise comparisons between the three behaviour types for the 
contemporaneous associations. As we had longitudinal assessments of DQRT 
(cognitive processing speed), we used the same type of directional models to assess 
time-lagged effects of DQRT on all EMA variables (including compulsivity) and vice 
versa, before estimating the contemporaneous associations using the residuals 
extracted from the directional models.  

To quantify autocorrelation which reflects the tendency of each EMA variable to predict 
its own future values, we ran separate models which predicted each of the EMA time 
courses by the respective time-lagged EMA variable. We added the same interaction 
terms and again modelled a random intercept and random slope for the time-lagged 
EMA variable. 

Finally, we tested if individual difference measures such as symptom severity as 
measured by the transdiagnostic dimensions (anxious-depression (AD), compulsivity 
and intrusive thought (CIT)), or task-based cognition (metacognitive confidence and 
model-based planning) modulated any of the contemporaneous, time-lagged or 
autocorrelative effects. For these models, we added an interaction term to the fixed 
effects that reflected the interaction between the predictor time-series and the 
respective individual difference measure. As the transdiagnostic dimensions are 
known to share variance, we ran AD and CIT in the same model while we set up 
separate models for each cognitive task measure. 

All results reported are corrected for multiple comparisons across EMA variables by 
controlling the FDR.  

 

Multivariate network models 

One limitation of traditional vector autoregressive models used for assessing Granger-
causality is their reliance on bivariate associations that ignore interactions with other 
measured time series which can lead to confounded inferences71. Hence, we ran 
multivariate vector autoregressive model, also known as network models, which take 
all associations between EMA variables into account at once and return partial 
correlations between variables, corrected for all other associations72. Network models 
can suffer from model instability if the proportion of data points missing within the time 
series is too substantial. To test if our dataset contained enough information for each 
participant to obtain stable network outcomes, we ran a network stability test. For this, 
we first calculated temporal network estimates (i.e. the partial correlations describing 
each bivariate time-lagged association while accounting for all other associations) for 
all 11 EMA variables (yielding 121 estimates per participant) based on the full available 
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data. Next, we iteratively dropped 5% of the datapoints from each individual 
participant’s time series until reaching 85% of the data dropped. Across each of the 
nine steps we calculated the temporal network estimates again. Then we calculated 
the within-person correlation between network estimates derived from the full time 
series and the network estimates derived from the down-sampled data across each 
step. Finally, we identified the maximum proportion of the data that can be dropped to 
still retain a correlation of r=0.7 between the network estimates derived from the full 
time series and those derived from the down-sampled data. This correlation stability 
coefficient should assume values above 0.5 and should not fall below 0.2573. 

We used mlVAR68 implemented in R to run the multivariate vector autoregression 
model with all 11 EMA variables. We specified a lag of 1, defined an ID variable to 
identify repeated assessments belonging to one individual and assigned a beep 
variable that identified the assessment time point each data point belonged to, thus, 
identifying missing assessments. All other settings were kept on the mlVAR defaults. 
We then extracted the temporal, or directed, network estimates to assess potential 
drivers of compulsive actions as identified through multivariate modelling. 
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