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Abstract

Background: Heavy alcohol drinking during adolescence is a major public health concern and 

a primary risk factor for developing alcohol use disorder (AUD) in adulthood. Identifying robust, 

modifiable predictors that distinguish adolescents who initiate heavy drinking from those who 

maintain low consumption can guide targeted prevention strategies.

Methods: We analyzed longitudinal data from 285 participants (144 male, 141 female) of the 

National Consortium on Alcohol and NeuroDevelopment in Adolescence (NCANDA) study. All 

participants were no-to-low drinkers at age 15 years, remained in the study within a year of 

turning 21, and were followed annually, making this neuroimaging study the largest of its kind. 

Each visit consisted of 240 measurements (spanning cognitive, environmental, neuroimaging, and 

psychosocial domains), which were used to train a deep learning model to predict drinking levels 

and learn an embedding space capturing key risk factors. Individual developmental profiles were 

then clustered into distinct pathways across ages 15 to 21.

Results: Six unique drinking pathways were identified. Two pathways leading to heavy 

drinking were characterized by early exposure to peer drinking, positive alcohol expectancies, 

and higher sensation-seeking, predominantly among males. Three moderate-drinking pathways 

showed gradual increases in consumption while maintaining lower peer drinking exposure. One 
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pathway maintained no-to-low drinking, marked by negative expectancies toward alcohol and low 

social reinforcement.

Conclusions: Distinct developmental pathways highlight socially driven motivators as key 

modifiable risk factors underlying adolescent drinking. Targeting peer influence and alcohol-

related expectancies could help divert youth from trajectories leading to heavy drinking and reduce 

future burden of AUD.
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pathways; risk and resilience factors

Introduction

Heavy drinking in adolescence is a major public health concern and a risk factor for 

developing alcohol use disorder (AUD) in adulthood with its attendant long-term health 

and socioeconomic consequences (1). Drinking at this early age is shaped by a complex 

interplay of multiple categories of factors. For example, demographics are linked to drinking 

patterns, with males two to three times more likely than females to develop AUD (2,3), 

although recently this gap has narrowed (4). Heightened probability of heavy alcohol use is 

also linked to personality traits, notably, extroversion and disinhibition (5,6). Expectations 

of positive effects from drinking alcohol, such as tension reduction and social facilitation, 

are associated with greater drinking in youth (2,7). Cognitive performance indicators, 

including low academic achievement at age 12 years, increase AUD risk in adulthood (5). 

Cross-sectional studies have further identified environmental factors – e.g., family dynamics 

(2,8), home alcohol access (9), and peer relationships (10) – as predictors of subsequent 

drinking. Mental health problems (11), including anxiety and depression and the use of 

non-alcohol psychoactive substances (12), can also portend heavy drinking. Similarly, neural 

underpinnings that indicate early problematic drinking include thinner cortices, being linked 

to higher alcohol consumption and binge drinking (4,13), smaller brain volume, and poorer 

cognitive function, which precede initiating alcohol use in adolescents with a family history 

of substance use disorder (14–16).

Longitudinal studies further show that early drinking trajectories often persist into young 

adulthood, with heavier adolescent drinking predicting higher risk for later alcohol misuse 

(17,18). Studies therefore have focused on drinking trajectories during adolescence, which 

are typically grouped into broad categories such as stable low drinkers, escalating drinkers, 

and early heavy users, using growth mixture modeling or latent class approaches (19–

21). Although the exact groupings differ across publications, heterogeneous developmental 

patterns of alcohol use are consistently reported and involve subgroups differing in onset 

timing and escalation rate of drinking (22,23).

Despite the array of risk factors empirically identified as associated with heavy alcohol 

consumption in youth and the heterogeneity in adolescent drinking trajectories, it remains 

unclear which are primary drivers of drinking behavior and whether they can predict 

engaging in or refraining from hazardous drinking on an individual level. One likely reason 

González et al. Page 2

Biol Psychiatry Cogn Neurosci Neuroimaging. Author manuscript; available in PMC 2026 July 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



is that heterogeneous constellations of factors are antecedents of multiple diverse pathways 

for engaging in or refraining from heavy drinking. For instance, individuals who attend 4-

year residential colleges were shown to be more likely to initiate heavy drinking earlier than 

those taking different post-high school paths (24) and that demographic and social factors, 

including parental education and peer environments, can influence the drinking trajectory 

(25). Further, proactive family monitoring during adolescence was linked to less future 

alcohol misuse (26). While previous studies explored bivariate relations between isolated 

factors and alcohol use, our aim was to identify which factor constellations predicted 

specific drinking patterns for individuals from adolescence to early adulthood.

Accordingly, we hypothesized that separate pathways towards specific drinking behaviors 

and levels are each driven by unique sets of a few predictors. To test this hypothesis, this 

study designed a novel deep learning approach that reduced 240 potential predictors of 

alcohol drinking to many fewer significant factors aggregating individuals into drinking 

pathways that emerged between ages 15 and 21 years. Measurements in the dimensions of 

demography, personality, cognition, mental health, substance use, environment, and brain 

imaging were acquired annually in 285 participants of the National Consortium on Alcohol 

and Neurodevelopment in Adolescence (27) (NCANDA) study. Critically, all participants 

chosen for this analysis were no-to-low drinkers at age 15 years and continued participation 

in the study within a year of their 21st birthday, making this investigation the largest annual 

follow-up MRI study for this age range.

To build drinking pathways, we required a representational space that distilled the large 

number of measurements into a compact but informative form. Such a space needed to retain 

the factors most relevant for distinguishing drinking behavior, while being low-dimensional 

enough to enable meaningful distance calculations between individuals. Towards this goal, a 

longitudinal Deep Neural Network (28) was first trained to predict the number of monthly 

drinks for each yearly visit. The encoding of each yearly visit was then used to map each 

visit to a point in this space. Linking successive visits yielded individualized drinking 

trajectories. Applying time-series k-means clustering (29) to these trajectories revealed 

characteristic drinking pathways driven by the longitudinal progression of predictive factors.

To identify the factors driving these pathways, we quantified the influence of each original 

measurement on the representational space by permuting individual inputs and assessing 

their effect on the model. This analysis revealed that the predictors most relevant to shaping 

trajectories were not uniform across the cohort but instead varied by pathway, with distinct 

sets of factors statistically driving the divergence between developmental patterns. In this 

way, we could move beyond identifying generic risk factors and instead uncover pathway-

specific drivers of resilience and vulnerability in adolescent drinking behavior. Importantly, 

many of the elements underlying the heavy drinking pathways are modifiable and can 

be addressed with targeted public health strategies. Our trajectory-based approach, which 

clusters individuals within a representational space learned via deep learning, not only 

pinpoints actionable prevention targets for reducing heavy drinking initiation but also offers 

a scalable blueprint for mapping risk and resilience in other developmental health contexts.
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Methods and Materials

Study Design and Participants

The NCANDA (27) study enrolled 831 youth recruited between 2013 and 2015 across 

five sites: Oregon Health & Science University (OHSU), SRI International, University of 

California, San Diego (UCSD), University of Pittsburgh Medical Center (UMPC), and Duke 

University Medical Center (DUMC). The cohort is representative of sex and racial/ethnic 

groups in the United States. Over half of the participants had at least one risk factor 

associated with heavy drinking at recruitment, such as a family history of AUD.

Data collected yearly included substance use and mental health interviews, questionnaires 

covering alcohol expectancies, personality, pubertal development, and peer and family 

relationships; and structural, functional, and diffusion magnetic resonance imaging (MRI). 

Participants under 18 years old provided assent, and adult participants and legal guardians 

provided written informed consent for participation in the study after receiving a complete 

description of the procedures, risks, and benefits. Institutional Review Boards from each 

acquisition site approved the study protocols.

The sample used in this study comprised visits from the Year 9 Data Release of NCANDA 

made publicly available via NIH NDAR (collection 4513). From the initial NCANDA 

cohort (N=831), we excluded 23 participants with baseline MRI anomalies (14) (resulting 

in N=808) and 24 who changed acquisition sites (N=784). Demographic characteristics 

(sex and age) of the analyzed sample were comparable to those reported for the full 

NCANDA cohort. We limited our sample to visits where participants were between 15 

and 21 years of age (selected as this age window maximized the number of longitudinal 

visits available among participants meeting our inclusion criteria, see Supplemental Figure 

1), and with data recorded at age 15 years and within a year of their 21st birthday (N=310) 

to ensure sufficient longitudinal coverage for meaningful trajectory characterization. We 

further excluded subjects who exceeded no-to-low drinking (30) criteria at age 15 years, 

defined using the adjusted Cahalan score (30) as adolescents already engaging in moderate 

or heavy drinking at baseline would conflate the alcohol initiation with escalation processes 

and thus reduce our ability to isolate early predictors of divergence. Our final sample 

comprised N=285 study participants (Table 1).

Measurements and regression target

The selection of most of the 68 non-imaging measurements (see Supplemental Table 

1) was based on an earlier NCANDA study predicting the onset of alcohol drinking 

(9). The measurements involved five dimensions: demographics (sex, age and pubertal 

development (31)); personality assessed through, the Ten Item Personality Inventory (32) 

(TIPI), Urgency-Premeditation-Perseverance-Sensation Seeking (UPPS) Impulsive Behavior 

Scale (33,34) and Alcohol Expectancy Questionnaire (35) (AEQ), academic performance, 

career intentions, sleep health (36); cognition evaluated using the National Institutes of 

Health (NIH) cognitive battery (37); and environmental factors capturing perceived ease 

of access to alcohol (38,39), youth-parent relationships (e.g. parents’ efforts to monitor 

their children), peer alcohol use behaviors, and the number of friends or romantic partners. 
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The current analysis expanded the earlier study with seven mental health subscales from 

the Youth Self-Report for participants under 18 years and Adult Self-Report otherwise 

to evaluate a range of psychological symptoms and behavioral problems in individuals 

(40), covering symptoms of anxiety, depression, somatic complaints, social withdrawal, 

thought problems, attention problems, and aggressive behavior. The analysis also included a 

non-alcohol substance use category, which included tobacco and cannabis use as both share 

common risk factors and co-occurrences with alcohol (12). Excluded from this category 

were the yearly reported number of drinks consumed in the last month, which was predicted 

by the deep learning model.

Imaging measurements included structural MRI data of 68 cortical and 25 subcortical 

measures derived from the Desikan-Killiany atlas in FreeSurfer. Regional lateral scores 

were averaged across both hemispheres. Diffusion tensor imaging (DTI) yielded fractional 

anisotropy (FA) and mean diffusivity (MD) for 28 bilateral brain regions. Functional MRI 

measurements include 23 resting-state functional connectivity efficiency scores (41). All 

scores were generated using the SIBIS pipeline (15,16,41).

To impute missing predictor values, we used three different strategies: if no measurements 

were available for a subject, we imputed the dataset mean; if the value at age 15 years was 

missing, we copied the value from the closest visit with a recorded measurement; and for 

missing values at later visits, we performed linear interpolation using available values. Note, 

this imputation was only performed for predictors as visits with missing drinking outcomes 

were ignored by the analysis.

To minimize confounding effects, a generalized linear model (GLM) residualized the data of 

the entire sample with respect to site across all measurements, scanner model for imaging 

data, and brain volume for structural measurements. Measurements were normalized in the 

−1 to 1 range. The log-scale of the number of drinks consumed in the last month was 

normalized in the 0 to 1 range and used as observation.

Longitudinal Deep Learning Model

The deep learning analysis (Figure 1) consisted of first identifying the drinking pathways 

taken by participants in our cohort and then uncovering the predictors that drove each 

pathway. To identify pathways, a longitudinal deep learning model called Long Short-Term 

Memory (LSTM) network (28) was trained to predict the number of drinks consumed in the 

last month for each yearly visit (Figure 1, Step 1.A.). Importantly, this architecture utilizes 

previous but not subsequent time points to predict the output for each visit. Each participant 

was encoded by a time sequence of length seven (for ages 15 to 21 years), where each 

time point consisted of the 240 input measurements. The model (28,42) then predicted the 

monthly number of drinks at a visit based on input measurements of past and present but no 

future visits.

Nested, stratified 5-fold cross-validation was used to select the best model architecture. 

Stratifying participants across the 5 folds was done based on the highest adjusted Cahalan 

score (30) recoded of the subject during the observed 7-year range to ensure each fold was 

representative of the sample with regard to drinking levels. In the nested cross-validation 
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framework, the outer loop consisted of one fold held out as the testing set for evaluating 

model performance. Within the remaining four folds, the inner loop used three folds for 

training the model with different hyperparameters and one fold for validation to determine 

the optimal model (i.e., hyperparameter setting) for testing. Specifically, the Long Short-

Term Memory network was trained on the three training folds using the Adam (43) 

optimizer and binary cross-entropy loss in PyTorch (44) based on different hyperparameter 

settings: number of Long Short-Term Memory layers (i.e., 1, 2, 3, or 4), number of units per 

layer (i.e., 8, 16, 32, or 64), starting learning rate (i.e., 1e-3 and 1e-4), augmentation scheme 

(masking input measurements, oversampling underrepresented classes(45), adding Gaussian 

noise to the inputs or outputs), and number of epochs (from 20 to 200 epochs, tested in 

20 epoch intervals). For each configuration setting, the average mean absolute error (MAE) 

between the predicted and actual normalized monthly alcohol consumption was recorded 

on the validation fold. The model with the lowest MAE score (a two-layer LSTM with 32 

hidden units and a regression head) was then applied to the test fold.

2D Maps

The optimal model architecture identified during cross-validation was also used to project 

the visits of each subject onto a 32-dimensional representational map so that the drinking 

behavior for visits in close proximity was predicted by similar measurements. This space 

was turned into a 2D map via t-SNE dimensionality reduction (46) for better visualization 

and for more robust clustering as distance calculation is more stable for lower-dimensional 

embeddings (47). Visits were now dots in this 2D and those adjacent visits from the same 

individual were connected via a line to define the trajectory for each study participants 

(Step 1.B. in Figure 1). The final component of Step 1 (Step 1.C. in Figure 1) grouped 

the trajectories of all participants into potential drinking pathways via time-series k-means 
clustering (29). The number of potential pathways was set empirically based on the 

KneeLocator (48) algorithm (Supplemental Figure 2).

Robust pathways were those clusters with at least 20 participants that were identified across 

100 different initializations of the deep learning approach. The 100 trained models had the 

identical architecture (i.e., hyperparameter settings) but different random seed initialization. 

Despite some variability between the maps resulting from different initializations, the overall 

structure of the pathways remains consistent as reflected in Supplemental Figure 3. The 

figure shows the same six clusters plotted on the 2D maps of five different exemplary 

initializations with the blue pathway, for example, starting at a distinct initial point across all 

maps.

Identification of Pathway Drivers

In Step 2 (Figure 1), the analysis identified the most predictive of the 240 initial 

measurements via permutation testing. For each measurement and each model initialization, 

values were randomly permuted 100 times across subjects and visits, thereby perturbing the 

longitudinal trajectories at all time points and evaluating the contribution of each predictor 

to the model’s ability to capture drinking behavior across the developmental period. For 

each permutation configuration, the prediction error between predicted and actual number 

of drinks was recomputed and compared to the error obtained using the original (non-
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permuted) data for the corresponding model initialization. Statistical significance was then 

evaluated for each measurement across permutations and model initializations, and the 

resulting p-values were corrected with the False Discovery Rate (FDR) to account for 

multiple comparisons across all 240 measurements. Measurements with p-values below 

0.05 were viewed as significant for the prediction process. Significance of predictors 

(without FDR correction) were confirmed by computing the average accuracy across the 

100 initializations based on the original and each of the permuted settings.

Results

Based on nested cross-validation, the longitudinal deep learning model achieved the 

following accuracy in predicting monthly alcohol consumption from 240 behavioral and 

other variables: a mean absolute error (MAE) of 0.123 ± 0.006, root mean squared error 

(RMSE) of 0.173 ± 0.009, and a coefficient of determination R2 = 0.436 on held-out test 

fold (see Supplemental Figure 4).

Based on those 240 variables, the method also mapped each visit of a subject into a 2D map 

shown as a dot in Figure 2.A. The shade of the dot indicates the number of drinks consumed 

in the past month, i.e., the darker the shade the more the person drank. Supplemental Figure 

5 colors the dots according to age, sex, and acquisition site revealing that while age and 

sex contribute to the placement on the maps, acquisition site did not. All visits (i.e., dots) 

of a participant are connected by a line to form an individual trajectory starting at age 15 

years (left side of the map) as no-to-low drinkers before diverging into different drinking 

trajectories by age 20–21 years.

From those trajectories, the data-driven analysis identified six separate pathways 

(independent of drinking levels) based on reproducible cluster assignments across the 100 

independently initialized deep learning models. Figure 2.A visualizes the pathway trend 

lines using color coding to highlight the progression pattern for each group into the three 

drinking levels according to Figure 2.B: no-to-low (green), moderate (turquoise, blue and 

purple), and heavy (orange and red). Each dot on a pathway represents a year (e.g., first dot 

is age 15 years) and the naming of pathways was done post-hoc based on the significant 

predictors identified via permutation testing (Figures 3 and 4).

The heavy drinking level included two pathways: an extroverted heavy drinker cluster 

(N=52) consuming an average of 36.7 monthly drinks by age 21 years and an introverted 
heavy drinker cluster (N=20) consuming an average of 21.2 monthly drinks peaking about 

20 years. The moderate drinking level was characterized by steadily increasing drinking 

with age to approximately 14 drinks per month by age 21 years, comprised three pathways 

named for their salient features: parentally monitored (N=61), abstemious peers (N=25), and 

cannabis users (N=23). A stable no-to-low drinker (N=88) group consumed 6.07 drinks per 

month by age 21 years.

Permutation testing (49) identified nine measurements (Figure 3) that were significant (p < 

0.05 after FDR correction) for predicting monthly alcohol consumption for one or several 

of the six pathways: cannabis use, expectancy of alcohol improving social behavior, parental 
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monitoring, extraversion, alcohol consumption of peers, number of intoxicated peers, sex, 

sensation seeking and alcohol relaxation expectancy. For each of the nine significant 

predictors, their linear trajectory was summarized by the normalized means at age 15 years 

(Figure 4 left) and slope (representing the rate of change between ages 15 and 21 years, 

Figure 4 right) and plotted for the six drinking pathways (x-axis). While the normalized 

mean encodes baseline differences prior to divergence of drinking trajectories, the slope 

captures longitudinal progression of predictors across adolescence.

Significant predictors of the extroverted heavy drinker pathway were high extraversion 

coupled with sensation seeking at age 15 years and peers drinking increasingly more 

alcohol in the subsequent years. This group also expressed belief that alcohol would help 

them relax and improve social interactions (AEQ Social Behavior Changes and Relaxation/

Tension Reduction scores) and exhibited a notable rise in cannabis use over the test 

interval. By contrast, the significant predictor of the introverted heavy drinker pathway 

was an increase between 15 and 21 years in expectations that alcohol would enhance social 

interactions. Sex emerged as a significant differentiating factor between pathways, with 

males overrepresented in both heavy drinking groups (nearly 70%).

The three moderate drinker pathways showed similar levels of alcohol consumption amongst 

each other (Figure 2.B). Distinguishing predictors between them were a high degree of 

parental monitoring at age 15 years, an increase in cannabis consumption until age 21 years 

similar to the extroverted heavy drinkers, and social circles abstaining from alcohol use at 

age 15 years.

Socializing with teens abstaining from alcohol use was also a predictor of stable no-to-
low drinkers, as were low expectations towards the outcome from alcohol drinking and 

abstaining from cannabis use. A relative high ratio of females was a predictor shared with 

the other two moderate substance use pathways (i.e., parental monitoring and abstaining 

peers). Supplemental Figure 6 visualizes the distribution of measurement values for each of 

the six pathways.

Discussion

Based on a data-driven analysis of 240 measurements recorded annually from 285 

NCANDA participants between the ages of 15 to 21 years, peer drinking behavior and 

expectations of alcohol consumption emerged as key modifiable factors predicting the 

transition toward moderate to heavy alcohol use, whereas others predicted maintenance of 

low consumption. This holistic search across 7 dimensions (i.e., demographics, personality, 

cognition, mental health, substance use, environment, and brain imaging) was made possible 

by a novel deep learning algorithm reducing high-dimensional, longitudinal data into visit-

level predictors of monthly drinking. This prediction model mapped yearly visits of each 

participant onto a 2D map so that the comprehensive information captured of each person 

was reduced to a simple trajectory. Clustering these trajectories revealed six dissociable 

pathways (Figure 2.A) built on specific features that predicted three levels of alcohol use 

(stable low drinkers, escalating users, and early heavy; Figure 2.B) that are consistent with 

prior developmental research (19). Unlike previous work, our analysis was not confined 
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to identifying trajectories of specific shapes (e.g., linear or spline) for a few selected 

measurements but instead relied on an entirely data-driven approach to derive distinct 

pathways from a comprehensive battery of annually recorded measures. The remainder of 

this discussion will focus on how the predictors of these pathways relate to the existing 

alcohol literature.

Two pathways followed mostly male youth who transitioned from no-to-low drinking at 

15 years to an average of more than 20 drinks per month by age 21 years. Their drinking 

behavior was largely predicted by positive expectations toward alcohol consumption. While 

this has been reported on a group-level (7,10), the predictions herein were done on an 

individual level and for each visit, a critical step towards personalizing prevention program. 

At age 15 years, i.e., before moderate-to-heavy drinking was initiated, the extroverted 
heavy drinker group already held more positive expectations about the effects of alcohol 

than any other group, believing that alcohol would promote relaxation and enhance social 

interactions. While over the next seven years, positive expectations increased across all 

pathways, the rise was fastest in the two high-drinking groups. Importantly, expectations 

involving alcohol use outcomes are highly modifiable factors that can be used in targeted 

prevention programs such as distributing information on the adverse effects of alcohol use 

(50).

Both heavy drinking pathways were predominantly male. This finding aligns with 

epidemiological data indicating higher rates of heavy alcohol use among adolescent males 

(2,3). Sex may interact with peer norms and sensation-seeking tendencies, particularly 

when adolescents are embedded in peer environments that normalize alcohol consumption 

(13). Prevention strategies targeting adolescent drinking may benefit from considering 

sex-specific risk profiles, particularly the interaction between peer influence, alcohol 

expectancies, and sensation-seeking behavior.

As expected (7), personality traits, particularly extraversion, remained largely stable 

throughout the 7 years and marked the extroverted heavy drinker pathway. Nonetheless, 

factors (such as high extroversion) taken in isolation are not necessarily predicting heavy 

drinking, exemplified herein where extroversion at age 15 years was predictive of a 

heavy as well as a moderate drinking pathway (i.e., moderate drinkers among abstemious 
peers). Instead, characteristic of heavy drinking pathways were unique constellations of 

predictors that included associating with heavier-drinking peers even before participants had 

initiated drinking (at age 15 years), positive expectations surrounding alcohol drinking, and 

sensation-seeking tendencies. Note that sensation seeking might be part of the constellation 

predicting heavy substance use, as high levels were also reported for the cannabis using 

pathways.

That extroversion did not necessarily lead to heavy drinking also points to a constellation 

of protective predictors. Protective constellation could include avoiding social circles with 

heavy drinkers, which was a predictor shared between the pathways of the no-low-drinking 
and moderate drinkers among abstemious peers. Interestingly, the unique combination of 

risk and protective factors describing this moderate drinker pathway was captured in the 2D 

map (Figure 2) by having this group start at a different location from any other pathway.
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A factor that was neither a risk nor protective was parental monitoring, which measures 

the extent parents inquire about their children’s activities and emerged as a characteristic 

for the pathway of the parentally-monitored moderate drinkers. Accordingly, neither its 

value at 15 years nor its slope showed a consistent increase or decrease in relation 

to higher levels of drinking (Figure 4). This inconsistency aligns with publications 

suggesting that while increased parental control can deter alcohol use, active monitoring 

may alternatively arise in response to perceived drinking risks already evident in the youth's 

behavior (9). Finally, none of the identified pathways was significantly influenced by brain 

imaging measurements, cognitive test performance, or mental health scores. This discovery 

challenges the emphasis on neural status predictors previously (13) and reinforces the 

critical role of behaviorally modifiable risk factors in efforts to avert hazardous drinking.

Our analysis has several limitations. First, it was restricted to 285 participants, resulting 

in half of the pathways comprising 25 or fewer individuals, so that the statistical power 

to identify significant predictors was low. A larger sample might reveal additional factors 

as influencing drinking behavior, particularly those with small effect sizes, such as 

brain imaging measures. Furthermore, key variables were self-reported, including alcohol 

consumption, personality traits, cannabis use, and peer drinking behaviors. Self-reported 

data are subject to biases, including recall bias and social desirability bias (51), which may 

lead to underreporting or overreporting of alcohol and substance use. In addition, missing 

data were imputed using linear interpolation, which assumes smooth temporal change and 

may not fully capture abrupt behavioral shifts. While we included a comprehensive set of 

240 predictors based on previous research, certain factors influencing drinking behavior 

may have eluded our dataset. For example, this study did not account for changes in 

socio-economic status over the examination interval or environmental influences such as 

alcohol outlet density (52). Finally, although NCANDA was designed to approximate U.S. 

demographic distributions, it is intentionally enriched for youth at elevated risk for alcohol 

use disorder (e.g., family history of AUD). This enrichment may increase sensitivity for 

detecting divergent developmental pathways but may limit generalizability to lower-risk 

community samples. To replicate our findings on more representative samples, researchers 

can download our publicly available and cohort-agnostic code from https://github.com/

camgbus/DivergentPathways.

In conclusion, our data-driven analysis tracked drinking trajectories of individuals and 

revealed distinct pathways driven by key predictors identified in adolescence that 

distinguished stable no-to-low drinkers from those transitioning to moderate or heavy 

drinking in early adulthood. From an initial set of 240 potential predictors, nine were 

found to have the greatest influence on drinking behavior. This set of discoveries emerged 

from a framework for transforming longitudinal measures into interpretable pathways 

on 2D maps that would be unattainable with conventional deep-learning models, which 

are inadequately suited for capturing nonlinear multi-year trajectories defining human 

developmental processes. Seven identified factors are modifiable shaped by environment, 

peer behaviors, and alcohol-related expectations. As similar drinking habits can result from 

widely different motivators, the heterogeneity of risk profiles should be recognized when 

designing prevention strategies, emphasizing personality traits in combination with socially 
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driven motivators. Such public health strategies could enhance efforts to mitigate heavy 

drinking in adolescence and avert the development of AUD in adulthood.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1: 
Overview of the analysis. Step 1 identifies pathways for drinking behavior by (A) training 

a longitudinal deep learning model that predicted the monthly consumption of drinks 

containing alcohol based on 240 annually acquired measurements between the ages of 15 

and 21 years, (B) extracting tracts in a 2-dimensional map, and (C) clustering tracts into 

drinking pathways by identifying the most robust clusters across 100 runs of this analysis. 

Step 2 characterized the pathways by identifying salient predictors.
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Figure 2: 
(A) Individual visits (gray dots), trajectories of subjects (gray lines) and pathways of 

drinking behavior (color trend lines with each dot representing a specific age) from ages 

15 to 21 years visualized in a 2D map. While five of the six pathways start at a similar 

section on the left of the map at 15 years, all pathways diverge so that stable no-to-low 

drinkers end at the bottom right and heavy drinkers at the top right of the map. (B) Per-year 

average monthly drinking differentiates the pathways into no-to-low, moderate, and heavy 

drinking groups by young adulthood. Pathway labels are descriptive and were assigned 

post-hoc based on the dominant predictors identified through permutation testing.
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Figure 3: 
(Left) Significant measurements (top 9 factors) characterizing developmental pathways 

identified via permutation testing. Measurements were evaluated for their statistical 

significance with a p-value threshold of 0.05 applied after False Positive Rate (FPR) 

correction. (Right) The figure highlights categories for which at least one measurement was 

significant. A total of nine measurements across four categories were relevant, with cannabis 

use and expectations that alcohol would improve social interactions the most predictive of 

alcohol use.

González et al. Page 17

Biol Psychiatry Cogn Neurosci Neuroimaging. Author manuscript; available in PMC 2026 July 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Figure 4: 
Average standardized (standard deviations from the mean) values at 15 years and slope for 

the participants in each drinking pathway. Depicted are the measurements identified via 

permutation testing. Highlighted with a black frame are the values that are significantly (p < 

0.05, Mann-Whitney U test) different from the population. These emphasize the importance 

of social and familial influences in shaping adolescent drinking behaviors over time.
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Table 1:
Demographic information of the NCANDA participants included in this study.

N (male/female) 285 (144/141)

Number of visits between ages 15 and 21 years (mean ± std) 6.26 ± 0.89

Age (mean ± std years)

At the first visit 15.47 ± 0.28

At the last visit 21.35 ± 0.42

Number of drinks in the past month (mean ± std)

At 15 years 0.02 ± 0.19

At the last visit 15.62 ± 24.76

Site (nr. of participants, %)

University of California San Diego 76 (26.26%)

Oregon Health & Science University 72 (25.26%)

Duke University 57 (20.00%)

University of Pittsburgh 55 (19.30%)

SRI International 25 (8.77%)

Socioeconomic status (parental highest baseline education level) 17.18 ± 2.39

Ethnicity (nr. of participants, %)

Caucasian/White 175 (61.40%)

African-American/Black 39 (13.68%)

Hispanic 35 (12.28%)

Asian 19 (6.67%)

Other 17 (5.96%)
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