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ABSTRACT
BACKGROUND: Alcohol use disorder (AUD) is a major contributor to global disability and mortality. Cross-sectional 
studies have linked AUD to reduced cognitive control and heightened risky decision making. However, the temporal 
direction of these effects remains unknown: are cognitive-behavioral alterations a consequence or a precursor of 
changes in drinking?
METHODS: We deployed a battery of smartphone-based, gamified tasks in a 1-year longitudinal ecological 
momentary assessment study of 603 participants diagnosed with mostly mild-to-moderate AUD. Tasks measured 
cognitive control (working memory, response inhibition) and decision making (risk-taking, information sampling). 
Participants completed tasks monthly and reported alcohol consumption every 2 days.
RESULTS: We found that monthly fluctuations in aspects of decision making predicted subsequent consumption. 
Specifically, participants shifted to higher monthly alcohol consumption when their risk-taking was higher in a mixed 
gambling context and lower in a loss context in the preceding month. Furthermore, when information sampling 
biases decreased, participants consumed more alcohol in the subsequent month. This temporal direction—that 
within-subject fluctuations in task outcomes preceded changes in monthly drinking—was specific, was not 
observed vice versa, and survived correction for autocorrelation in drinking, indicating risky decision making as a 
precursor to subsequent drinking. Fluctuations in cognitive control and risk-taking in a win context were not 
associated with fluctuations in drinking.
CONCLUSIONS: Our findings offer novel insights into the cognitive-behavioral forces driving changes in alcohol 
consumption in AUD: specific alterations in decision making precede changes in consumption. These findings 
suggest that smartphone-based gamified tasks show promise in identifying periods of heightened risk, paving the 
way for mechanism-based, real-time interventions in AUD.

https://doi.org/10.1016/j.bpsc.2026.07.019

Alcohol use disorder (AUD) is a leading contributor to global 
death and disability (1). AUD is related to biased assessment 
of risks in decision making and difficulties in following goals 
(i.e., cognitive control) in cross-sectional studies (2–9). Deci-
sion making and cognitive control cannot be examined 
through interviews or self-reports; instead, they require 
experimental tasks (10–12). Because experimental tasks 
cannot be easily deployed outside the laboratory, the mech-
anisms that drive changes in real-life alcohol use remain 
largely unknown (13). Thus, task-based research has not yet 
provided a mechanistic understanding of the temporal dy-
namics of alcohol use (14): are cognitive-behavioral alterations 
a consequence or a precursor of changes in drinking?

Previous research relied mostly on cross-sectional labora-
tory studies or studies with large follow-up intervals 
(2,3,6,9,15–21). These studies cannot examine intraindividual 
changes between occasional and excessive alcohol use, 
which takes place in real-life settings over weeks to months 
(20,22). The prediction of changes in alcohol use may be 
crucial to develop earlier interventions, especially for those 
with mild-to-moderate AUD, who are at risk of progressing to 
a more severe AUD (22). Task measures may be particularly 
useful in predicting such changes because they tap into 
mechanisms putatively underlying substance use (20,23), 
which likely also fluctuate substantially over time (24–27). 
However, testing whether such fluctuations in task measures
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can predict changes in real-life alcohol use requires the use of 
specifically designed longitudinal studies.

Most experimental tasks were designed to run in the lab-
oratory (20). This hinders their real-life deployment when 
changes in alcohol use occur. Consequently, to our knowl-
edge, so far no study has connected intraindividual fluctua-
tions in decision making to alcohol consumption, and few 
studies have connected fluctuations in cognitive control to 
fluctuations in alcohol consumption (28,29).

To address real-life fluctuations, mobile, smartphone-
based versions of experimental tasks were developed (20). 
Unlike traditional laboratory-based tasks, these tasks are 
often short in duration. Designing tasks as games (30–32) has 
been discussed as a means to enhance participant motivation 
and compliance. We recently showed that, despite their very 
short duration (approximately 5 minutes), a set of gamified 
smartphone-based tasks (31) provides valid and reliable 
measurements of cognitive control and decision making in 
real-life settings (27).

Here, we deployed this battery of 4 gamified smartphone-
based tasks in a unique 1-year longitudinal design to predict 
changes in real-life drinking behavior. The tasks were chosen 
to measure different functions of cognitive control and deci-
sion making. Cognitive control was assessed with a working 
memory task (33) and a response inhibition task (34). 
Decreased cognitive control has previously been linked to 
AUD and increased substance use (2–5,7). Decision making 
was tested with a risk-taking task (35) and an information-
sampling task (36). Biased risk preferences have previously 
been linked to addictive behavior (15,21,37). To detect intra-
individual fluctuations, we deployed these tasks in a large (N = 
603) sample of participants diagnosed with mostly mild-to-
moderate AUD in combination with daily self-reported 
alcohol consumption over 1 year. To tap into changes in 
consumption over clinically relevant time frames, we focused 
on monthly fluctuations [rather than fluctuations over shorter 
periods, which are largely driven by circadian or weekday ef-
fects, e.g., (22)]. This preregistered study is the first to deploy 
smartphone-based tasks longitudinally to predict real-life 
substance use in participants with mild-to-moderate AUD.

METHODS AND MATERIALS 

General Procedure

This ecological momentary assessment (EMA) study of up to 1 
year was part of a larger German research consortium on 
substance use disorder (SUD) at 3 sites (Dresden, Berlin, and 
Mannheim in Germany). Before the EMA study, individuals 
underwent extensive clinical and neurocognitive assessments 
(38), during which the EMA app (39) and a customized Great 
Brain Experiment (31) app running the 4 tasks were installed 
on participants’ own phones or a study phone. During the 
EMA study, participants completed tasks every 4 weeks on a 
weekday and at a time they indicated was least likely to 
coincide with alcohol consumption. Gamification was imple-
mented via game-like visual design (Figure 1A) and score-
based performance feedback. The order of tasks remained 
constant throughout the experiment (order: inhibition 
task, working memory task, information sampling task, and

risk-taking task). Alcohol consumption was reported every
2 days at noon. The study procedure was approved by local 
ethics committees at Heidelberg University (2018-621N-MA), 
Charité Universitätsmedizin Berlin (EA1/212/18), and Tech-
nical University Dresden (EK 459112018). All participants 
provided written informed consent and were compensated 
monetarily in proportion to the number of completed task 
sessions and EMA forms. The study protocol, sample size, 
hypotheses, and data analysis plans were preregistered 
(https://osf.io/9ze2u/).

Participants

Participants were included if they fulfilled at least 2 DSM-5 
AUD criteria and were recruited through flyers and other ad-
vertisements. Telephone screenings were conducted before 
study inclusion. Exclusion criteria are provided in the 
Supplement.

Although we preregistered discovery and hold-out samples 
separately, the complete sample (N = 603) became available 
during manuscript preparation. Therefore, we tested all hy-
potheses on the full sample for greater precision and power; 
these analyses are thus preregistered but are no longer 
confirmatory in the originally planned hold-out sense. Never-
theless, to probe robustness across subsamples, we con-
ducted 1000 random splits, which showed the reported 
effects to be consistent in direction but also indicated that 
subsamples of approximately 300 were in many cases un-
derpowered to detect these effects (Figure S7). Consistent 
with this observation, our effects were significant in the initial 
but not the hold-out subsample, although when probing dif-
ferences between samples directly, none of the reported ef-
fects differed between the 2 samples (see the Supplement).

Participants’ ages ranged from 16 to 65 years (mean = 
37.32, SD = 12.64), and 232 participants (38.5%) reported 
being female. The number of fulfilled AUD criteria ranged from
2 to 10 (mean = 4.09, SD = 1.67). Comorbid diagnoses were 
assessed via the Structured Clinical Interview for DSM. Tobacco 
and cannabis use disorder criteria were assessed dimensionally 
and ranged from 0 to 9 (mean = 1.20, SD = 1.92) and from 0 to 
10 (mean = 0.40, SD = 1.34), respectively. Lifetime major 
depressive disorder was present in 32.3% of participants, any 
anxiety disorder in 8.1%, and attention-deficit/hyperactivity 
disorder in 4.1%. Exposure to medication known to interact 
with the central nervous system was an exclusion criterion in 
this study (for details, see the Supplement).

Of the 603 participants included, 218 dropped out before 
the end of the study (however, these participants were still 
included in the analysis). Monthly task and self-report data 
were available for 82.4% of the expected sessions (sessions 
before study completion or study dropout). In total, 4464 
sessions were analyzed.

EMA Self-Reports

Every 2 days, participants reported how much alcohol they had 
consumed in previous 2 days. They selected items from a list of 
19 alcoholic drinks (e.g., small beer, large beer, bottle of wine; 
the full list is provided in Table S3) and indicated the quantity of 
each. Based on these responses and the amounts of alcohol 
per drink specified in Table S3, their daily alcohol consumption
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in standard drinks (12 g of alcohol) was calculated. Participants 
consumed an average of 36 g of alcohol per day (SD = 48 g) 
and 63 g per drinking day (SD = 48 g).

Inhibition Task

In each trial of this stop-signal task (34) (Figure 1), a fruit fell 
from a tree past 1 of 2 circles, and participants tapped to 
collect it (Go trials; response window 500–800 ms after onset). 
In 12 of 32 trials (37.5%), the fruit turned brown, signaling that 
it was rotten and should not be collected (stop trials). The 
stop-signal delay (the time until the fruit turned brown) started 
at 350 ms and followed a staircase procedure (41), increasing 
by 50 ms after each successful stop and decreasing by 50 ms 
after each failed stop.

Working Memory Task

Participants reproduced the positions of 2 to 12 red circles 
presented on a 4 3 4 grid (33) (Figure 1). Due to a ceiling effect 
in the working memory capacity (WMC) task, we estimated 
WMC based on the most difficult delayed distractor condition 
(substituting other conditions did not change any results; see 
the Supplement). First, red circles were presented for 2 sec-
onds (encoding phase). Next, a distractor pattern of yellow 
circles was presented for 2 seconds, after which participants 
were asked to reproduce the initial pattern. Each session

started with 3 circles. The complexity increased by one circle 
after each correct trial, and trials were terminated after failing 
to reproduce a given complexity level twice.

Risk-Taking Task

Participants repeatedly chose between a certain outcome and an 
equiprobable gamble across 3 conditions (35) (Figure 1): a certain 
gain versus a larger gain against 0 (gain; 11 trials), a certain loss 
versus 0 against a larger loss (loss; 11 trials), and 0 versus a gain 
against a loss (mixed; 8 trials; here, percentage gambles index 
loss aversion). In each trial, a certain amount was first randomly 
chosen with replacement from a fixed list of outcomes (35,40).

Information Sampling Task

Across 21 trials, participants chose which of 2 rows of face-
down cards had the larger sum (36) (Figure 1). They could 
pay to reveal cards one at a time at an increasing cost (0, 10, 
15, and 20 points) before guessing, or guess immediately at 
no cost (winning 60 or losing 50 points for correct or incorrect 
guesses). Card values were drawn with replacement from a 
discrete uniform distribution (1–10).

Hierarchical Modeling of Monthly Task Scores

We followed the procedure outlined in (27) and modeled all 
participants and all sessions jointly in a hierarchical model.

Figure 1. Illustration of smartphone-based tasks, questionnaires, and study timeline. (A) The task battery consisted of 4 tasks: a response inhibition task, a 
working memory task, a risk-taking task, and an information sampling task. Alcohol consumption was measured using questionnaires. (B) N = 603 partic-
ipants with mostly mild to moderate alcohol use disorder (AUD) completed each task every 4 weeks (s1–s13, 7.4 times on average) and questionnaires every 2 
days for a period of 1 year.
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Similar to other work (41–46), we showed that hierarchical 
modeling improves the test–retest reliability (27) of the working 
memory task from 0.36 to 0.64; of the stop signal task from 
0.51 to 0.70; of the win, loss, and mixed conditions of the risk-
taking task from 0.65, 0.57, and 0.52 to 0.80, 0.73, and 0.75; 
and of the information sampling task from 0.78 to 0.91 (27).

Preregistered Confirmatory Hypotheses

Six specific, confirmatory hypotheses on the relationship be-
tween intraindividual fluctuations in task measures and sub-
sequent changes in real-life alcohol consumption were 
preregistered (https://osf.io/9ze2u/). Derived from previous 
cross-sectional research (5), we expected a negative relation 
between fluctuations in inhibition and subsequent changes in 
real-life alcohol consumption, such that participants 
consumed less alcohol when their ability to inhibit automatic 
responses was higher than usual (H1). Based on previous 
cross-sectional research (15,47), we formed 3 separate hy-
potheses for the risk-taking task, focusing separately on risk-
taking in the context of gains, losses, and in combinations of 
gains and losses. Specifically, we expected that fluctuations in 
risky decision making in the context of gains and mixed 
contexts were positively related to subsequent changes in 
alcohol consumption (H2 and H4), but that fluctuations in risk-
taking in the context of losses were negatively related to 
alcohol consumption (H3). We further expected that when 
participants made more careful decisions by revealing more 
cards in the information sampling task, they subsequently 
consumed less alcohol (H5). Finally, and in line with previous 
research (48), we predicted that between-participant differ-
ences in WMC buffered these intraindividual effects, such that 
the hypothesized within-subject relationships were less 
expressed in participants with high WMC (H6). For an over-
view of all hypotheses, see Table 1. Note that because each 
hypothesis concerns a distinct cognitive process with its own 
direction-specific, theory-derived prediction, each was

evaluated against its own null rather than as one test within a 
single combined hypothesis (49). For completeness, we also 
report multiple-testing-corrected analyses in the Supplement, 
which confirmed each of our confirmatory findings.

Modeling of Changes in Alcohol Use

Data were analyzed using the following preregistered (https:// 
osf.io/9ze2u/) linear mixed model. The preregistered model 
includes stress effects, which will be reported elsewhere. As 
preregistered, we centered all variables to their participant-
specific means to examine within-participant effects, except 
for WMC, which was centered on the sample mean to examine 
between-participant effects.

Alcohol consumption ∼ (SSRT 1 RTG 1 RTL 1 ISB 1 
stress) 3 WMC 1 RTM 1 (RTM 1 ISB | participant) (1).

Monthly aggregated alcohol consumption was defined as 
the median daily drinking over the month following each task 
session. We chose the median over the mean because daily 
drinking was highly skewed, with many low- or no-
consumption days and occasional high-consumption days; 
the median thus captures typical-day drinking, whereas the 
tail is captured by separate preregistered binge-drinking an-
alyses reported elsewhere. We confirmed this approach by 
showing that the monthly mean, but not the median, con-
sumption is significantly correlated with binge-drinking fre-
quency (see the Supplement).

SSRT refers to stop-signal reaction times from the inhibition 
task. RTG, RTL, and RTM refer to risk-taking in the context of 
gains, losses, and mixed gambles, respectively, from the risk-
taking task. ISB refers to information sampling bias from the 
information sampling task, defined as the number of additional 
cards turned over relative to the optimal number. Stress refers 
to (mean) aggregated self-reported stress. We used this model 
to perform 6 preregistered, confirmatory tests for the hy-
potheses reported above. All further tests reported below 
(reverse-lagged, autoregressive, hurdle, and subsample ana-
lyses) are sensitivity or exploratory analyses.

RESULTS

Intraindividual Fluctuations in Decision Making but 
Not Cognitive Control Predict Changes in Real-Life 
Drinking

The preregistered model did not reveal any significant asso-
ciation between monthly fluctuations in response inhibition 
and subsequent real-life drinking (H1) or between risk-taking 
in the gain domain and drinking (H2).

However, the model revealed the hypothesized (H3) nega-
tive association between fluctuations in risk-taking in loss 
trials and changes in subsequent drinking. Participants 
consumed less alcohol during months in which they made 
more risky decisions compared to months in which they made 
fewer risky decisions in the loss trials of the risk-taking task 
(b = 20.34, t = 22.00, p = .045) (Figure 2A).

The model also revealed the hypothesized (H4) positive 
association between fluctuations in risk-taking in mixed trials 
and changes in subsequent drinking. Participants consumed 
more alcohol in months in which they made more risky de-
cisions compared to months in which they made fewer risky

Table 1. Preregistered Hypothesis Tests

Preregistered Hypothesis b p Value

H1. Fluctuations in Inhibition Relate Negatively 
to Drinking

20.00 .546

H2. Fluctuations in Risk-Taking (Gain Trials) 
Relate Positively to Drinking

20.13 .411

H3. Fluctuations in Risk-Taking (Loss Trials) 
Relate Negatively to Drinking

20.34 .045*

H4. Fluctuations in Risk-Taking (Mixed Trials) 
Relate Positively to Drinking

0.49 .036*

H5. Fluctuations in Information Sampling 
Relate Negatively to Drinking

20.33 .046*

H6. Differences in WMC Moderate the Effects of:

Inhibition 0.01 .471

Risk-taking (gain) 21.84 .159

Risk-taking (loss) 20.11 .938

Information sampling 2.04 .111

As preregistered, we found that monthly fluctuations in risky decision making 
and information sampling predicted fluctuations in real-life drinking in subsequent 
months. Effect sizes are in daily standard drinks (12 g of alcohol per drink).

*p , .05.
WMC, working memory capacity.
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decisions in the mixed trials of the risk-taking task (b = 0.49, 
t = 2.11, p = .036) (Figure 2B).

The model also revealed the hypothesized (H5) negative 
association between fluctuations in information sampling and 
drinking. Participants consumed less alcohol in the month 
after they turned over more cards in the information sampling 
task compared to the months after they turned over fewer 
cards (b = 20.33, t = 22.00, p = .046) (Figure 2C). Although 
information sampling was highly correlated with a computa-
tional model-derived sampling preference parameter, fluctu-
ations in information sampling were not associated with 
fluctuations in drinking (see the Supplement).

As expected, between-participant differences in WMC were 
negatively related to average alcohol consumption, as partici-
pants with higher WMC consumed less alcohol than those 
participants with lower WMC (b = 22.62, t = 23.42, p , .001) 
(Figure 2D). However, none of the hypothesized interactions of 
WMC with other variables (see Table 1, H6) were significant.

Together, our pattern of results suggests that intraindividual 
fluctuations in decision making (i.e., risk-taking and informa-
tion sampling), but not fluctuations in cognitive control, can

predict within-participant changes in real-life drinking 
behavior.

Alcohol Consumption Does Not Predict Task 
Outcomes

To test whether alcohol consumption affected subsequent 
task measures, we explored the relationship between alcohol 
consumption in the months preceding task measures and 
subsequent task measures. This did not reveal any significant 
association between drinking behavior and task measures (all 
ps . .1) (Table S1).

Robustness Checks

Because monthly drinking was serially correlated (ϕ ≈ 0.27), 
we reestimated the primary model including first-order 
autoregression, which confirmed the effects reported above. 
To probe the effect of dropout on our main findings, we ran 
pattern mixture models (50) comparing findings between 
participants who did and did not drop out of the study. These 
models did not reveal any significant interactions (Table S4).

Figure 2. Results of preregistered hypotheses (main effects). (A) Within-participant fluctuations in percent gambles (in loss trials) are negatively associated 
with within-participant fluctuations in subsequent monthly drinking. (B) Within-participant fluctuations in percent gambles (in mixed trials) are positively 
associated with within-participant fluctuations in subsequent monthly drinking. (C) Within-participant fluctuations in information sampling are negatively 
associated with within-participant fluctuations in subsequent monthly drinking. (D) Between-participant differences in working memory capacity (WMC) are 
negatively associated with between-participant differences in drinking. Drinks refer to standard drinks (drinks containing 12 g of alcohol). In (A–C) both the x-
and y-axis show participant-mean centered values to better visualize the within-participant effects of interest. Change in daily drinks refers to change in 
average daily drinks per month.
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We additionally predicted permanent dropout and intermit-
tently missing sessions from the preceding month’s task 
scores, alcohol consumption, and self-reported stress. Task 
scores and alcohol consumption predicted neither dropout 
nor intermittent missingness; stress showed a small associa-
tion with subsequent dropout (odds ratio = 1.13, p = .049) 
(Tables S5 and S6). Therefore, we reran our primary model 
using stabilized inverse-probability-of-censoring weights for 
dropout. Weighted estimates were virtually identical to the 
unweighted estimates (Table S7), indicating that informative 
dropout did not bias our findings. This study was partially 
conducted during the COVID-19 pandemic, and an analysis 
published elsewhere indicated that COVID-19-related lock-
downs influenced drinking patterns in the current dataset (22). 
However, a supplementary analysis of our own data revealed 
no significant effects of COVID-19-related lockdowns on our 
main effects of interest. Because the drinking data in our study 
were highly zero-inflated (Figure S1), we reanalyzed our data 
using log-linked gamma hurdle models. The loss-trial risk-taking 
effect was robust, with a very high probability of direction (PD = 
98.3%) and a credible interval (CI) excluding 0 (b = 211.23, 95% 
CI [221.41 to 20.82], PD = 98.3%). The mixed-trial risk-taking 
and information-sampling effects were directionally consistent 
with the primary analysis and had high probabilities of direction 
(PD = 95.8% and 92.7%), but their 95% CIs included 0 (b = 
11.63, 95% CI [21.49 to 24.59] and b = 27.18, 95% CI [216.91 
to 2.50]), indicating greater uncertainty under this specification. 
Additional checks of behavioral data quality and task effects can 
be found in the Supplement.

DISCUSSION

In this study, we found that fluctuations in several measures of 
decision making, but not cognitive control, predicted drinking 
in the subsequent month. When participants took more risks 
in a mixed gambling task, took fewer risks in a loss-framed 
gambling task, and made less careful choices in an informa-
tion sampling task, they reported more alcohol use in the 
subsequent month. We did not find associations when pre-
dicting task outcomes from earlier alcohol consumption. This 
provides the first evidence for a specific temporal direction in 
which fluctuations in distinct measures of decision making 
precede changes in drinking.

Although, to our knowledge, we are the first to show that 
intraindividual fluctuations in decision making precede 
monthly fluctuations in alcohol consumption in AUD, the di-
rection of these fluctuations is in line with existing cross-
sectional research [for an overview, see (21)]. For example, 
Bernhardt et al. (15) found that patients with AUD showed 
significantly lower loss aversion (directly related to higher risk-
taking in mixed trials) and decreased risky decision making 
when gambling in a loss context compared with controls. 
However, it is important to note that such cross-sectional 
findings do not necessarily generalize to within-participant 
fluctuations (50), and no study has, so far, reported that 
fluctuations in risky decision making precede fluctuations in 
alcohol consumption. Although our finding that fluctuations in 
information sampling precede fluctuations in alcohol con-
sumption does not, to our knowledge, have a direct empirical 
precedent in the AUD literature, it aligns well with prominent

theories of SUD that characterize substance use as impulsive 
behaviors initiated without sufficient deliberation or informa-
tion gathering (51). Somewhat related to this finding, Konova 
et al. (23) found that weekly fluctuations in ambiguity toler-
ance, or the ability to cope with little information about risks, 
predicted consumption in opioid use disorder, giving further 
evidence that dynamics in decision making might play an 
important role in SUD.

Together, our findings imply that smartphone-based deci-
sion-making tasks could eventually be deployed to predict 
changes in real-life alcohol use and implement future just-in-
time interventions. For example, high-risk drinkers could 
receive notifications when their risk-taking scores exceed a 
threshold and could then be presented with either automated 
interventions or asked to seek in-person help. Our findings 
address recent criticisms suggesting that tasks lack realism 
compared with self-report questionnaires (52), which is often 
attributed to tasks’ poor psychometric properties, particularly 
low retest reliability or temporal stability (24–26,52). In an 
earlier report, we showed that our tasks are indeed reliable 
(27). Here, we show that when these tasks were deployed in a 
longitudinal design, within-subject temporal variance in task 
measures was meaningfully related to real-life drinking.

Our study had several strengths. We were the first to deploy 
cognitive tasks to study monthly changes in real-life alcohol 
consumption in participants diagnosed with AUD. The long 
study period of 1 year was unique in EMA research on AUD 
(53). Thus, it allowed us to focus on monthly changes in typical 
drinking rather than capturing higher-frequency fluctuations 
that might be influenced by contextual factors such as 
weekday-related drinking patterns (22). The large sample of 
603 participants, moreover, allowed for sufficient power to 
detect within-subject drinking-task relations, which are, based 
on between-subject studies, often small (52). The focus on 
participants diagnosed with mostly mild-to-moderate AUD fills 
an important gap in the literature, as studies on real-world 
alcohol consumption often focus on convenience samples 
rather than diagnosed individuals who are most affected by 
changes in alcohol consumption (53). Finally, the use of short, 
gamified tasks suggests a path toward clinical applicability, as 
they allow for repeated assessment of decision making in 
naturalistic settings with minimal participant burden.

However, our study is also limited in several ways. First, we 
did not find that intraindividual fluctuations in response inhi-
bition, a major component of cognitive control, were related to 
subsequent drinking. One explanation could be that measures 
of cognitive control do not fluctuate over time. However, an 
earlier analysis of the tasks revealed both lower measurement 
error and lower retest reliability of the inhibition task, sug-
gesting it may fluctuate substantially even at shorter time-
scales (27). Other studies that focus on moderators of 
cognitive control also point toward its short-term malleability 
(54–56). Thus, it is possible that meaningful fluctuations in 
cognitive control may occur at higher frequencies than were 
sampled in our study. Indeed, 3 studies that found the ex-
pected relationship focused on high sampling frequencies 
[several samples per day, (20,28,57–59)]. However, these 
studies only found the expected relationship when focusing on 
specific samples, sampling schemes, or means of aggrega-
tion. Specifically, Emery et al. (29) found that only nighttime,
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but not daytime, cognitive control predicted subsequent 
drinking. Jones et al. (28) did not find a direct relationship 
between cognitive control and subsequent drinking but found 
that deterioration of cognitive control during the day predicted 
subsequent drinking. This suggests that the sampling fre-
quency and sampling scheme used in this study might not 
have been ideal to connect fluctuations in cognitive control to 
fluctuations in drinking. Second, although we show that it is 
possible to connect fluctuations in task measures to fluctua-
tions in alcohol consumption in AUD, the current effect sizes 
are likely too small to be clinically relevant already. While effect 
sizes are in line with studies that connect tasks and real-world 
outcomes cross-sectionally (56) and should be seen in light of 
the overall low consumption of our participants (36 g/day on 
average), future studies will have to overcome known limitations 
of tasks, such as their limited sensitivity to within-sample vari-
ance (25), and establish optimal sampling frequencies and 
sampling designs to further increase power and effect sizes. 
Third, although our findings are in line with existing empirical 
studies and theoretical predictions, the mechanisms underlying 
our effects remain speculative. The computational models 
employed in our study revealed that information sampling 
correlated highly with a sampling preference parameter derived 
from a specifically designed computational model. However, 
intraindividual fluctuations in this parameter were not associated 
with fluctuations in drinking, so additional modeling effort is 
required to determine the mechanisms underlying the behav-
ioral outcomes reported here. Future studies could also inte-
grate neurobiological markers to further elucidate the 
neurocognitive mechanisms underlying task effects. Fourth, 
although a potential strength of our study is the use of short, 
gamified tasks, which might have enhanced adherence over the 
1-year period, we did not actually compare the performance of 
these tasks to nongamified equivalents. Fifth, the intensive na-
ture of our study entails a substantial amount of missing data. 
Sensitivity analyses (pattern-mixture models, missingness pre-
diction models, and inverse-probability-of-censoring weighting) 
indicated that our findings were robust to dropout related to 
measured variables, including a weak association between 
stress and subsequent dropout. However, we cannot rule out 
that missingness was additionally influenced by unmeasured 
variables. Finally, although our reverse-lagged models and 
models including autocorrelation indicate a temporally specific 
effect in which fluctuations in task outcomes precede fluctua-
tions in drinking, the study design does not allow us to infer any 
causal relationship between the variables.

Conclusions

Using gamified smartphone-based tasks to predict changes in 
real-life drinking over 1 year, we found that monthly fluctuations in 
several decision-making measures predicted subsequent drink-
ing. Our findings demonstrate how longitudinal smartphone-
based gamified tasks may help predict changes in real-life 
alcohol use. This indicates the possibility of future targeted and 
potentially just-in-time interventions for people with AUD.

ACKNOWLEDGMENTS AND DISCLOSURES
Funding: Research reported in this publication was supported by grants 
from the German Research Foundation/Deutsche Forschungsgemeinschaft

(DFG project numbers 402170461 [TRR 265 ’Losing and Regaining Control 
over Drug Intake’ (38)] [HZ, DR, FA, YL, MR, TG, BL, PB, FK, MM, RS, HT, 
UEP, MAR, AH, RD, MNS, LD], 178833530 [SFB 940] [TG, MM, MNS], 
454245598 [IRTG 2773] [TG, MM, MNS], and 521379614 [TRR 393] [MNS]).

MR, BL, PB, FK, RS, HT, UE-P, MAR, AH, MNS, and LD were respon-
sible for conceptualization. YL, MR, RLB, RBR, BL, PB, FK, RS, HT, UE-P, 
MAR, AH, RD, MNS, and LD were responsible for methodology. HZ, MR, 
BL, PB, FK, RS, HT, UE-P, MAR, AH, MNS, and LD contributed to inves-
tigation. HZ, MW, and LD were responsible for formal analysis. HZ and LD 
contributed to the writing of the original draft. HZ, MW, YL, MR, RLB, RBR, 
TG, BL, PB, FK, RS, HT, UE-P, MAR, AH, RD, MNS, and LD were 
responsible for writing-review and editing of the final manuscript.

Members of the ReCoDe-Consortium: Merve Akan, Fabian Arntz, Isa-
bella S. Balles, Hanna Belschner, Franziska Blum, Justin Böhmer, Erik 
Lukas Bode, Daniel Bromberg, Tobias Buchborn, Marco Bottino, Rafat 
Boroumand-Jazi, Hao Chen, Tonio Cooper, Zahra Ebrahimifarzad, Claudia 
Ebrahimi, Adeoye Ewedemi, Xiaojing Fang, Sascha Frölich, Maria Garbu-
sow, Shreyash Garg, Ali Ghadami, Sarah Gerhardt, Filippo Ghin, Rika Groß, 
Francesco Giannone, Gülcan Gerstner, Emrah Gül, Anatol Hanau, Lara 
Hanau, David Haslacher, Sabine Hoffmann, Willi Hieke, Sia Hranova, Garvit 
Joshi, Damian Karl, Nina Kempf, Stefanie Kunas, Michaela Kroth, Flora 
Lafos, Marina Lukezic, Vincent Ludley, Isabel Mattes, Severin Mittermayer, 
Milena Musial, Belay Netsanet, Kira Noël, Elisabeth Pangratz, Mathieu 
Pinger, Roshan Rane, Dominic Reichert, Tjark Rode, Annika Rosenthal, 
Gianna Spitta, Abhijit Sreepada, Johannes Steffen, Haoye Tan, Geraldina 
Uhlig-Romero, Marvin Urban, Maja P. Völker, Luisa Wegner, Leonard 
Wenger, Judith Zaiser, Eric Zillich, and Jingying Zhang.

The data that support the findings of this study, as well as all materials 
and analysis scripts needed to replicate our results, have been deposited in 
the Open Science Framework (https://osf.io/9ze2u/).

A previous version of this article was published as a preprint on Psy-
ArXiv: https://doi.org/10.31234/osf.io/96zac.

UE-P reports consultancy for Boehringer Ingelheim. RBR holds equity in 
Maia, an AI tool for relationship communication. All other authors report no 
biomedical financial interests or potential conflicts of interest.

ARTICLE INFORMATION
From the Department of Psychiatry and Psychotherapy, Technische Uni-
versität Dresden, Dresden, Germany (HZ, YL, MM, AH, MNS, LD); Depart-
ment of Child and Adolescent Psychiatry, Psychosomatics and 
Psychotherapy, Centre of Mental Health, University of Würzburg, Würzburg, 
Germany (HZ, MW, LD); Department of Neurology, Max Planck Institute for 
Human Cognitive and Brain Sciences, Leipzig, Germany (MW, LD); 
Department of Psychiatry and Psychotherapy, Central Institute of Mental 
Health, Medical Faculty Mannheim, Heidelberg University, Mannheim, 
Germany (DR, MR, HT, UE-P); Department of Sport and Exercise Science, 
Faculty of Natural and Life Sciences, University of Salzburg, Salzburg, 
Austria (DR, MR); Social and Preventive Medicine, Department of Sports 
and Health Sciences, Intra Faculty Unit Cognitive Sciences, Faculty of 
Human Science, and Faculty of Health Sciences Brandenburg, Research 
Area Services Research and e-Health, University of Potsdam, Potsdam, 
Germany (FA, MAR); German Center for Mental Health, partner site Berlin/ 
Potsdam, Germany (FA, MAR); Mental mHealth Lab, Institute of Sports and 
Sports Science, Karlsruhe Institute of Technology, Karlsruhe, Germany 
(MR, UE-P); Max Planck University College London Centre for Computa-
tional Psychiatry and Ageing Research, London, United Kingdom (RLB, 
RD); Department of Imaging Neuroscience, University College London, 
London, United Kingdom (RLB, RD); Neuroscience Institute and Depart-
ment of Psychology, Princeton University, Princeton (RLB); Departments of 
Psychology and Psychiatry, Yale University, New Haven, Connecticut 
(RBR); Wu-Tsai Institute, Yale University, New Haven, Connecticut (RBR); 
Faculty of Psychology, Technische Universität Dresden, Dresden, Germany 
(TG); Department of Addictive Behavior and Addiction Medicine, Central 
Institute of Mental Health, Medical Faculty Mannheim, Heidelberg Univer-
sity, Mannheim, Germany (BL, PB, FK); Feuerlein Center on Translational 
Addiction Medicine, Heidelberg University, Mannheim, Germany (PB, FK); 
Institute of Psychopharmacology, Central Institute of Mental Health, Hei-
delberg University, Mannheim, Germany (RS); German Center for Mental 
Health, partner site Mannheim/Heidelberg/Ulm, Germany (RS); University

Change in Decision Making and Real-Life Drinking in AUD

Biological Psychiatry: Cognitive Neuroscience and Neuroimaging ■ 2026; ■:■–■ www.sobp.org/BPCNNI 7

Biological
Psychiatry:
CNNI

https://osf.io/9ze2u/
https://doi.org/10.31234/osf.io/96zac
http://www.sobp.org/BPCNNI


Hospital for Psychiatry and Psychotherapy, University of Tübingen, Tübin-
gen, Germany (AH); and School of Psychology, South China Normal Uni-
versity, Guangzhou 51631, China (RD).

Address correspondence to Hilmar Zech, Ph.D., at hilmar.zech@ 

tu-dresden.de, or Lorenz Deserno, MD., at deserno_l@ukw.de.
Received Oct 31, 2025; revised Jul 7, 2026; accepted Jul 10, 2026. 
Supplementary material cited in this article is available online at https:// 

doi.org/10.1016/j.bpsc.2026.07.019.

REFERENCES
1. GBD 2016 Alcohol Collaborators (2018): Alcohol use and burden for 

195 countries and territories, 1990–2016: A systematic analysis for the 
Global Burden of Disease Study 2016. Lancet 392:1015–1035.

2. Ersche KD, Jones PS, Williams GB, Turton AJ, Robbins TW, 
Bullmore ET (2012): Abnormal brain structure implicated in stimulant 
drug addiction. Science 335:601–604.

3. Ersche KD, Gillan CM, Jones PS, Williams GB, Ward LHE, Luijten M, 
et al. (2016): Carrots and sticks fail to change behavior in cocaine 
addiction. Science 352:1468–1471.

4. Hallgren KA, McCrady BS (2013): Interference in the alcohol Stroop 
task with college student binge drinkers. J Behav Health 2:112–119.

5. Hildebrandt MK, Dieterich R, Endrass T (2021): Neural correlates of 
inhibitory control in relation to the degree of substance use and 
substance-related problems—A systematic review and perspective. 
Neurosci Biobehav Rev 128:1–11.

6. Kräplin A, Höfler M, Pooseh S, Wolff M, Krönke KM, Goschke T, et al. 
(2020): Impulsive decision-making predicts the course of substance-
related and addictive disorders. Psychopharmacol (Berl) 237:2709– 
2724.

7. Kräplin A, Joshanloo M, Wolff M, Krönke KM, Goschke T, 
Bühringer G, Smolka MN (2022): The relationship between executive 
functioning and addictive behavior: New insights from a longitudinal 
community study. Psychopharmacol (Berl) 239:3507–3524.

8. Peeters M, Wiers RW, Monshouwer K, van de Schoot R, Janssen T, 
Vollebergh WAM (2012): Automatic processes in at-risk adolescents: 
The role of alcohol-approach tendencies and response inhibition in 
drinking behavior. Addiction 107:1939–1946.

9. Reiter AMF, Deserno L, Kallert T, Heinze HJ, Heinz A, Schlagenhauf F 
(2016): Behavioral and neural signatures of reduced updating of 
alternative options in alcohol-dependent patients during flexible de-
cision-making. J Neurosci 36:10935–10948.

10. Berridge KC, Robinson TE, Aldridge JW (2009): Dissecting compo-
nents of reward: ‘liking’, ‘wanting’, and learning. Curr Opin Pharmacol 
9:65–73.

11. Heinz A (2002): Dopaminergic dysfunction in alcoholism and 
schizophrenia—Psychopathological and behavioral correlates. Eur 
Psychiatry 17:9–16.

12. Wiers RW, Gladwin TE, Hofmann W, Salemink E, Ridderinkhof KR 
(2013): Cognitive bias modification and cognitive control training in 
addiction and related psychopathology: Mechanisms, clinical per-
spectives, and ways forward. Clin Psychol Sci 1:192–212.

13. Ekhtiari H, Victor TA, Paulus MP (2017): Aberrant decision-making and 
drug addiction — How strong is the evidence? Curr Opin Behav Sci 
13:25–33.

14. Goschke T (2014): Dysfunctions of decision-making and cognitive 
control as transdiagnostic mechanisms of mental disorders: Ad-
vances, gaps, and needs in current research. Int J Methods Psychiatr 
Res 23(suppl 1):41–57.

15. Bernhardt N, Nebe S, Pooseh S, Sebold M, Sommer C, Birkenstock J, 
et al. (2017): Impulsive decision making in young adult social drinkers 
and detoxified alcohol-dependent patients: A cross-sectional and 
longitudinal study. Alcohol Clin Exp Res 41:1794–1807.

16. Chen H, Mojtahedzadeh N, Belanger MJ, Nebe S, Kuitunen-Paul S, 
Sebold M, et al. (2021): Model-based and model-free control predicts 
alcohol consumption developmental trajectory in young adults: A 3-
year prospective study. Biol Psychiatry 89:980–989.

17. Chen H, Belanger MJ, Garbusow M, Kuitunen-Paul S, Huys QJM, 
Heinz A, et al. (2023): Susceptibility to interference between Pavlovian

and instrumental control predisposes risky alcohol use developmental 
trajectory from ages 18 to 24. Addict Biol 28:e13263.

18. Garbusow M, Schad DJ, Sebold M, Friedel E, Bernhardt N, Koch SP, 
et al. (2016): Pavlovian-to-instrumental transfer effects in the nucleus 
accumbens relate to relapse in alcohol dependence. Addict Biol 
21:719–731.

19. Sebold M, Nebe S, Garbusow M, Guggenmos M, Schad DJ, Beck A, 
et al. (2017): When habits are dangerous: Alcohol expectancies and 
habitual decision making predict relapse in alcohol dependence. Biol 
Psychiatry 82:847–856.

20. Zech HG, Reichert M, Ebner-Priemer UW, Tost H, Rapp MA, Heinz A, 
et al. (2022): Mobile data collection of cognitive-behavioral tasks in 
substance use disorders: Where are we now? Neuropsychobiology 
81:438–450.

21. Chen S, Yang P, Chen T, Su H, Jiang H, Zhao M (2020): Risky 
decision-making in individuals with substance use disorder: A meta-
analysis and meta-regression review. Psychopharmacology 
237:1893–1908.

22. Deeken F, Reichert M, Zech H, Wenzel J, Wedemeyer F, Aguilera A, 
et al. (2022): Patterns of alcohol consumption among individuals with 
alcohol use disorder during the COVID-19 pandemic and lockdowns 
in Germany. JAMA Netw Open 5:e2224641.

23. Konova AB, Lopez-Guzman S, Urmanche A, Ross S, Louie K, 
Rotrosen J, Glimcher PW (2020): Computational markers of risky 
decision-making for identification of temporal windows of vulnerability to 
opioid use in a real-world clinical setting. JAMA Psychiatry 77:368–377.

24. Enkavi AZ, Eisenberg IW, Bissett PG, Mazza GL, MacKinnon DP, 
Marsch LA, Poldrack RA (2019): Large-scale analysis of test–retest 
reliabilities of self-regulation measures. Proc Natl Acad Sci USA 
116:5472–5477.

25. Hedge C, Powell G, Sumner P (2018): The reliability paradox: Why 
robust cognitive tasks do not produce reliable individual differences. 
Behav Res Methods 50:1166–1186.

26. Zech HG, Gable P, van Dijk WW, van Dillen LF (2022): Test–retest 
reliability of a smartphone-based approach-avoidance task: Effects 
of retest period, stimulus type, and demographics. Behav Res 
Methods 55:2652–2668.

27. Zech HG, Waltmann M, Lee Y, Reichert M, Bedder RL, Rutledge RB, 
et al. (2023): Measuring self-regulation in everyday life: Reliability and 
validity of smartphone-based experiments in alcohol use disorder. 
Behav Res Methods 55:4329–4342.

28. Jones A, Tiplady B, Houben K, Nederkoorn C, Field M (2018): Do daily 
fluctuations in inhibitory control predict alcohol consumption? An 
ecological momentary assessment study. Psychopharmacology 
235:1487–1496.

29. Emery NN, Simons JS (2020): The role of affect, emotion manage-
ment, and attentional bias in young adult drinking: An experience 
sampling study. Psychopharmacology 237:1557–1575.

30. Allen K, Brändle F, Botvinick M, Fan JE, Gershman SJ, Gopnik A, et al. 
(2024): Using games to understand the mind. Nat Hum Behav 8:1035– 
1043.

31. Brown HR, Zeidman P, Smittenaar P, Adams RA, McNab F, 
Rutledge RB, Dolan RJ (2014): Crowdsourcing for cognitive science— 

The utility of smartphonesD’Ausilio, A editor .. PLOS One 9:e100662.
32. Chetitah M, Müller J, Deserno L, Waltmann M, von Mammen S (2023): 

Gamification framework for reinforcement learning-based neuropsy-
chology experiments. In: Proceedings of the 18th International Con-
ference on the Foundations of Digital Games. New York: Association 
for Computing Machinery, 1–4.

33. McNab F, Zeidman P, Rutledge RB, Smittenaar P, Brown HR, 
Adams RA, Dolan RJ (2015): Age-related changes in working memory 
and the ability to ignore distraction. Proc Natl Acad Sci U S A 
112:6515–6518.

34. Smittenaar P, Rutledge RB, Zeidman P, Adams RA, Brown H, 
Lewis G, Dolan RJ (2015): Proactive and reactive response inhibition 
across the lifespan. PLoS One 10:e0140383.

35. Rutledge RB, Skandali N, Dayan P, Dolan RJ (2014): A computational 
and neural model of momentary subjective well-being. Proc Natl Acad 
Sci USA 111:12252–12257.

Change in Decision Making and Real-Life Drinking in AUD

8 Biological Psychiatry: Cognitive Neuroscience and Neuroimaging ■ 2026; ■:■–■ www.sobp.org/BPCNNI

Biological
Psychiatry:
CNNI

mailto:hilmar.zech@tu-dresden.de
mailto:hilmar.zech@tu-dresden.de
mailto:deserno_l@ukw.de
https://doi.org/10.1016/j.bpsc.2026.07.019
https://doi.org/10.1016/j.bpsc.2026.07.019
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref1
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref1
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref1
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref2
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref2
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref2
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref3
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref3
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref3
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref4
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref4
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref5
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref5
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref5
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref5
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref6
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref6
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref6
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref6
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref7
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref7
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref7
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref7
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref8
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref8
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref8
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref8
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref9
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref9
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref9
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref9
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref10
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref10
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref10
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref11
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref11
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref11
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref12
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref12
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref12
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref12
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref13
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref13
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref13
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref14
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref14
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref14
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref14
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref15
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref15
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref15
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref15
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref16
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref16
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref16
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref16
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref17
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref17
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref17
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref17
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref18
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref18
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref18
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref18
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref19
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref19
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref19
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref19
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref20
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref20
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref20
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref20
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref21
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref21
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref21
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref21
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref22
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref22
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref22
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref22
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref23
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref23
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref23
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref23
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref24
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref24
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref24
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref24
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref25
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref25
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref25
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref26
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref26
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref26
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref26
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref27
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref27
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref27
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref27
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref28
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref28
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref28
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref28
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref29
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref29
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref29
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref30
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref30
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref30
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref31
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref31
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref31
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref32
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref32
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref32
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref32
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref32
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref33
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref33
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref33
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref33
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref34
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref34
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref34
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref35
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref35
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref35
http://www.sobp.org/BPCNNI


36. Hunt LT, Rutledge RB, Malalasekera WMN, Kennerley SW, Dolan RJ 
(2016): Approach-induced biases in human information sampling. 
PLoS Biol 14:e2000638.

37. Genauck A, Quester S, Wüstenberg T, Mörsen C, Heinz A, Romanc-
zuk-Seiferth N (2017): Reduced loss aversion in pathological gambling 
and alcohol dependence is associated with differential alterations in 
amygdala and prefrontal functioning. Sci Rep 7:16306.

38. Heinz A, Kiefer F, Smolka MN, Endrass T, Beste C, Beck A, et al. 
(2020): Addiction Research Consortium: Losing and regaining control 
over drug intake (ReCoDe)-From trajectories to mechanisms and in-
terventions. Addict Biol 25:e12866.

39. Reichert M, Gan G, Renz M, Braun U, Brüßler S, Timm I, et al. (2021): 
Ambulatory assessment for precision psychiatry: Foundations, cur-
rent developments and future avenues. Exp Neurol 345:113807.

40. Bedder RL, Vaghi MM, Dolan RJ, Rutledge RB (2023): Risk taking for 
potential losses but not gains increases with time of day. Sci Rep 
13:5534.

41. Brown VM, Chen J, Gillan CM, Price RB (2020): Improving the reli-
ability of computational analyses: Model-based planning and its 
relationship with compulsivity. Biol Psychiatry Cogn Neurosci Neu-
roimaging 5:601–609.

42. Efron B, Morris C (1977): Stein’s paradox in statistics. Sci Am 

236:119–127.
43. Haines N, Kvam PD, Irving LH, Smith C, Beauchaine TP, Pitt MA, et al. 

(2020): Theoretically informed generative models can advance the 
psychological and brain sciences: Lessons from the reliability 
paradox. PsyArXiv https://doi.org/10.31234/osf.io/xr7y3.

44. Rouder JN, Haaf JM (2019): A psychometrics of individual differences 
in experimental tasks. Psychon Bull Rev 26:452–467.

45. Waltmann M, Schlagenhauf F, Deserno L (2022): Sufficient reliability 
of the behavioral and computational readouts of a probabilistic 
reversal learning task. Behav Res Methods 54:2993–3014.

46. Williams DR, Mulder J, Rouder JN, Rast P (2021): Beneath the sur-
face: Unearthing within-person variability and mean relations with 
Bayesian mixed models. Psychol Methods 26:74–89.

47. Thrailkill EA, DeSarno M, Higgins ST (2022): Loss aversion and risk for 
cigarette smoking and other substance use. Drug Alcohol Depend 
232:109307.

48. Treloar Padovano HT, Miranda R (2021): How adolescents’ working 
memory abilities relate to their alcohol craving in real-life contexts 
depends on biological sex. Drug Alcohol Depend 221:108642.

49. Rubin M (2021): When to adjust alpha during multiple testing: A 
consideration of disjunction, conjunction, and individual testing. 
Synthese 199:10969–11000.

50. Curran PJ, Bauer DJ (2011): The disaggregation of within-person and 
between-person effects in longitudinal models of change. Annu Rev 
Psychol 62:583–619.

51. Wiers RW, Bartholow BD, van den Wildenberg E, Thush C, 
Engels RCME, Sher KJ, et al. (2007): Automatic and controlled pro-
cesses and the development of addictive behaviors in adolescents: A 
review and a model. Pharmacol Biochem Behav 86:263–283.

52. Eisenberg IW, Bissett PG, Zeynep Enkavi A, Li J, MacKinnon DP, 
Marsch LA, Poldrack RA (2019): Uncovering the structure of self-
regulation through data-driven ontology discovery. Nat Commun 
10:2319.

53. Dora J, Piccirillo M, Foster KT, Arbeau K, Armeli S, Auriacombe M, 
et al. (2023): The daily association between affect and alcohol use: A 
meta-analysis of individual participant data. Psychol Bull 149:1–24.

54. Anderson BM, Stevens MC, Meda SA, Jordan K, Calhoun VD, 
Pearlson GD (2011): Functional imaging of cognitive control during 
acute alcohol intoxication. Alcohol Clin Exp Res 35:156–165.

55. Nikolaou K, Field M, Duka T (2013): Alcohol-related cues reduce 
cognitive control in social drinkers. Behav Pharmacol 24:29–36.

56. Wilcox CE, Dekonenko CJ, Mayer AR, Bogenschutz MP, Turner JA 
(2014): Cognitive control in alcohol use disorder: Deficits and clinical 
relevance. Rev Neurosci 25:1–24.

57. MacLean RR, Sofuoglu M, Waters AJ (2020): Naturalistic measurement 
of dual cue attentional bias in moderate to heavy-drinking smokers: A 
preliminary investigation. Drug Alcohol Depend 209:107892.

58. Marhe R, Waters AJ, van de Wetering BJM, Franken IHA (2013): Im-
plicit and explicit drug-related cognitions during detoxification treat-
ment are associated with drug relapse: An ecological momentary 
assessment study. J Consult Clin Psychol 81:1–12.

59. Suffoletto B, Field M, Chung T (2020): Attentional and approach biases 
to alcohol cues among young adult drinkers: An ecological momentary 
assessment study. Exp Clin Psychopharmacol 28:649–658.

Change in Decision Making and Real-Life Drinking in AUD

Biological Psychiatry: Cognitive Neuroscience and Neuroimaging ■ 2026; ■:■–■ www.sobp.org/BPCNNI 9

Biological
Psychiatry:
CNNI

http://refhub.elsevier.com/S2451-9022(26)00248-X/sref36
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref36
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref36
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref37
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref37
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref37
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref37
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref38
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref38
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref38
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref38
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref39
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref39
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref39
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref40
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref40
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref40
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref41
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref41
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref41
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref41
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref42
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref42
https://doi.org/10.31234/osf.io/xr7y3
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref44
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref44
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref45
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref45
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref45
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref46
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref46
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref46
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref47
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref47
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref47
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref48
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref48
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref48
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref49
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref49
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref49
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref50
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref50
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref50
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref51
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref51
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref51
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref51
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref52
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref52
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref52
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref52
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref53
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref53
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref53
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref54
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref54
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref54
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref55
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref55
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref56
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref56
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref56
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref57
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref57
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref57
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref58
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref58
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref58
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref58
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref59
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref59
http://refhub.elsevier.com/S2451-9022(26)00248-X/sref59
http://www.sobp.org/BPCNNI

	Fluctuations in Real-Life Drinking in Alcohol Use Disorder: A 1-Year Longitudinal Study Using Gamified Tasks of Decision Ma ...
	Methods and Materials
	General Procedure
	Participants
	EMA Self-Reports
	Inhibition Task
	Working Memory Task
	Risk-Taking Task
	Information Sampling Task
	Hierarchical Modeling of Monthly Task Scores
	Preregistered Confirmatory Hypotheses
	Modeling of Changes in Alcohol Use

	Results
	Intraindividual Fluctuations in Decision Making but Not Cognitive Control Predict Changes in Real-Life Drinking
	Alcohol Consumption Does Not Predict Task Outcomes
	Robustness Checks

	Discussion
	Conclusions

	References


