Supplementary Information:
Digital traces of childhood maltreatment: A data-donation approach studying adolescent TikTok behaviours

Supplementary Table S1. Calculation of objective Tik Tok use variables gathered from data archives
	Data Archive Variable
	Calculation
	Data Archive Source File
	Min - Max

	Videos Viewed / Week
	Mean number of videos watched per week; total number of videos divided by the number of recorded weeks in browsing history.
	Browsing/Watch History.txt
	68.50 - 10940.59

	Videos Skipped / Week
	Skipped was operationalized as two consecutive video view timestamps less than 3 seconds apart. Total number of skipped videos divided by the number of recorded weeks in browsing history.
	Browsing/Watch History.txt
	14.83 - 6045.53

	Unique Videos Viewed / Week
	Mean number of unique videos watched per week (each video counted only once, even if viewed multiple times). The total number of unique videos was divided by the number of recorded weeks in browsing history.
	Browsing/Watch History.txt
	59.75 - 9844.41

	Multiply-viewed Videos / Week
	Mean number of videos watched repeatedly per week (videos with >1 occurrence in history). Averaged over the number of recorded weeks in browsing history.
	Browsing/Watch History.txt
	0.50 - 1065.37

	Sessions / Week
	Mean number of TikTok sessions per week. A session was defined as continuous activity, interrupted by max. 10 minutes. The total number of sessions was divided by the number of recorded weeks in browsing history.
	Browsing/Watch History.txt 
	1.25 - 109.82

	Session Length (Seconds)
	Average length of sessions (in seconds). Length of sessions diveded by the number of sessions. 
	Browsing/Watch History.txt 
	372.52 - 2892.85

	Follower
	Total number of followers.
	Follower.txt
	3 - 4148

	Following
	Total number of accounts followed.
	Following.txt
	10 - 9743

	Number Of Videos Liked / Week  
	Mean number of videos liked per week. Averaged over the number of recorded weeks in favorite history.
	Like List.txt
	5.12 - 2000.00

	Number Of Videos Favorited / Week
	Mean number of videos added to favorites per week. Averaged over the number of recorded weeks in favorite history.
	Favorite Videos.txt
	1.00 - 696.70

	Videos Not Found From Favorites / Week
	Number of favorite videos no longer available (“video not found”). Averaged over the number of recorded weeks in favorite history.
	Favorite Videos.txt
	0.12 - 373.44

	Proportion Of Videos Viewed At Night 
	Percentage of videos viewed between 10:00 PM and 6:00 AM (overnight views divided by total views).
	Browsing/Watch History.txt 
	0.00 - 0.70

	Shares / Week
	Mean number of videos shared per week. Averaged over the number weeks of activity in shares history.
	Share History.txt
	0.01 - 1456.19

	Searches / Week
	Mean number of searches per week. Number of searches divided by the number weeks of activity in searches history.
	Searches.txt
	0.57 - 210.05

	Accounts Blocked / Week
	Mean number of blocked users per week. Averaged over the number of weeks of activity in the block list.
	Block List.txt
	0.00 - 3.00

	Comments / Week 
	Mean number of comments posted per week. Averaged over the number weeks of activity in comment history.
	Comments.txt
	0.04 - 92.14

	Direct Messages Sent / Week
	Mean number of messages sent per week. Averaged over the number of weeks of activity in direct messages history.
	Direct Messages.txt
	0.36 - 411.77

	Direct Messages Received / Week
	Mean number of received messages per week. Averaged over the number of weeks of activity in direct messages history.
	Direct Messages.txt
	0.25 - 394.15

	Chat Partners / Week
	Mean number of chat partners per week. Averaged over the number of weeks of activity in direct messages history.
	Direct Messages.txt
	0.17 - 5.15

	Single Contacts / Week
	Mean number of single, very short chat contacts, i.e., less than 3 messages per side, per week. Averaged over the number of weeks of activity in direct messages history.
	Direct Messages.txt
	0.00 - 1.29

	Posts / Week
	Number of self-posted videos per week averaged over the number of weeks of activity in posts history.
	Posts.txt
	0.00 - 31.87

	Likes Received On Profile
	Total number of likes received on the user’s profile.
	Displayed on profile page
	0 - 364067 

	Private Account Status
	Binary variable: 0 = public account, 1 = private account enabled
	Settings.txt
	0 - 1

	Number Of Weeks Favorites Recorded
	Control variable. Number of weeks for which favorited videos were recorded.
	Favorite Videos.txt
	2 - 277
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Supplementary Table S2. Self-report items used to assess TikTok use
	Variable
	Item description
	Min - Max

	Parental Control
	“To what extent is your smartphone use at home monitored or controlled by parents or others?“ 0 = Not at all, 1 = A little, 2 = Moderate, 3 = Strong, 4 = Very strong
	0 - 3 

	Self-report Daily Usage Duration 
	“How much time do you usually spend on TikTok per day?” 0 = 15 minutes or less, 1 = Between 15 and 30 minutes, 2 = Between 30 minutes and 1 hour, 3 = Between 1 and 3 hours, 4 = More than 3 hours
	0 - 4

	Participation in TikTok Trends / Challenges
	“How often do you participate in TikTok trends or challenges?” 0 = Never., 1 = Sometimes, 2 = Yes, often
	0 - 1

	Online-only friends
	“Do you have friends on TikTok that you have never met in person?” 0 = No, none, 1 = Yes, a few, 2 = Yes, many
	0 - 2

	Sexual solicitations on TikTok
	“Have you ever received a sexual solicitation via TikTok?” 0 = No, never, 1 = Yes, happened once, 2 = Yes, happened several times
	0 - 2

	Meeting TikTok Strangers Offline
	“Have you ever met someone in real life that you met on TikTok?” 0 = No, 1 = Yes
	0 - 1



Supplementary Table S3. Variables entered into the machine learning models, with the preprocessing applied to each
	Variable
	Type
	Preprocessing Steps

	Searches/Week
	Continuous
	Log1p transformation, Winsorization (1%-99%)

	Age
	Continuous
	No transformation

	Socioeconomic Status
	Continuous
	No transformation

	Session Length (Seconds)
	Continuous
	Log1p transformation, Winsorization (1%-99%)

	Posts/Week
	Continuous
	Log1p transformation, Winsorization (1%-99%)

	Parental Control
	Binary
	Binarized (0 = absence, 1 = presence)

	Sexual Solicitations On TikTok
	Binary
	Binarized (0 = absence, 1 = presence)

	Number Of Weeks Favorites Recorded
	Continuous
	No transformation

	Follower Count
	Continuous
	Log1p transformation, Winsorization (1%-99%)

	Chat Partners/Week
	Continuous
	Log1p transformation, Winsorization (1%-99%)

	Direct Messages Received/Week
	Continuous
	Log1p transformation, Winsorization (0.5%-99.5%)

	Meeting TikTok-Strangers Offline
	Binary
	Binarized (0 = absence, 1 = presence)

	Single Contacts/Week
	Continuous
	Log1p transformation, Winsorization (1%-99%)

	Favorites Index
	Composite (PCA)
	Standardized (Z-score), PCA (1st component retained; 2 features combined – Avg. Videos Favorited, Avg. Videos Not Found From Favorite

	Following Count
	Continuous
	Log1p transformation, Winsorization (1%-99%)

	Accounts Blocked/Week
	Continuous
	Log1p transformation, Winsorization (1%-99%)

	Likes Received on Profile
	Continuous
	Log1p transformation, Winsorization (0.5%-99.5%)

	Participation in TikTok Trends/Challenges
	Binary
	Binarized (0 = absence, 1 = presence)

	Sessions/Week
	Continuous
	Log1p transformation, Winsorization (1%-99%)

	Comments/Week
	Continuous
	Log1p transformation, Winsorization (1%-99%)

	Private Account Status
	Binary
	Binarized (0 = public, 1 = private)

	Online-Only Friends
	Binary
	Binarized (0 = absence, 1 = presence)

	Video Engagement Index
	Composite (PCA)
	Standardized (Z-score), PCA (1st component retained; 5 features combined – Avg. Videos Viewed per Week, Avg. Unique Videos per Week, Avg. Videos Skipped per Week, Avg. Multiply-Viewed Videos, Avg. Videos Liked per Week)

	Gender (0=f, 1=m, 2=div)
	Categorical
	Encoded (0 = female, 1 = male, 2 = diverse)



Supplementary Table S4. Frequencies of child maltreatment subtypes along CTQ severity scores
	
	Emotional Abuse
n (%)
	Physical Abuse
n (%)
	Sexual Abuse
n (%)
	Emotional Neglect
n (%)
	Physical Neglect
n (%)

	1 None to minimal
	75 (58.1)
	111 (86.0)
	101 (78.3)
	70 (54.3)
	93 (72.1)

	2 Low to moderate
	27 (20.9)
	9 (7.0)
	11 (8.5)
	40 (31.0)
	19 (14.7)

	3 Moderate to severe
	13 (10.1)
	7 (5.4)
	11 (8.5)
	11 (8.5)
	7 (5.4)

	4 Severe to extreme
	14 (10.9)
	2 (1.6)
	6 (4.7)
	8 (6.2)
	10 (7.8)

	At least moderate to severe
	27 (20.9)
	9 (6.98)
	17 (13.2)
	19 (14.7)
	17 (13.2)


Notes. CTQ = Childhood Trauma Questionnaire


Supplementary Methods and Results

Power Analysis
A priori power analysis using G*Power7, indicated that a total sample size of N = 134 would be required to detect a medium effect size (d = 0.50) with 80% power (α = 0.05, two-tailed) for a Mann-Whitney U test. Analytical multivariate power functions do not exist for ensemble classifiers applied to high-dimensional data; simulation-based alternatives would require specifying the full joint distribution of 24 features – assumptions that are unverifiable in the present sample. The univariate benchmarks above are therefore provided as conventional reference points for readers.

Data Preprocessing
Dataset construction applied a fixed set of outcome-independent transformations once to the full sample: categorical variables were encoded, sparse counts binarized (0 = absence, 1 = presence), and continuous variables log1p-transformed with Winsorization (0.5-99.5%) or arcsine-transformed for proportions. These transformations were not repeated during model fitting. Within the cross-validation, the parameters that do depend on the data at hand – the imputation value for missing entries (<5%; training-fold median) and the standardisation parameters – were re-estimated on each training split and applied unchanged to the held-out split, so that no quantity fitted to held-out cases could influence their predictions. Feature selection preceded classification and was carried out once, by resampling across 200 half-samples rather than by a single model fit; the resulting consensus set was then held constant throughout the cross-validated analyses. 

The preprocessing phase (n = 129) addressed skewness, missingness, multicollinearity, and encoding via a six-step pipeline:
1. Categorical encoding: Gender was encoded as 0 (female), 1 (male), 2 (diverse); three ordinal/count variables (Parental Control, Online-Only Friends, Sexual Solicitations on TikTok) were binarized (0/1).
2. Distributional adjustment: Continuous variables were transformed based on descriptive statistics and non-normality (Shapiro–Wilk p < 0.05)11,13. Severely skewed variables (skewness > 3 or kurtosis > 10; e.g., Avg. Videos Not Found/Week, Avg. Shares/Week, Likes received on profile) underwent log1p transformation and winsorization (0.5–99.5%). Moderately skewed variables (1 < skewness ≤ 3; e.g., Avg. Videos Viewed /Week, Avg Videos Liked/Week) received log1p transformation with winsorization (1–99%)1. Log1p (defined as log1p(x) = ln(1 + x), where ln is the natural logarithm) is a variance-stabilizing and skewness-reducing transformation that is commonly used for non-negative data with extreme values or sparsity and safely handles zeros (log1p(0) = ln(1 + 0) = 0).
3. Missingness: Variables with <5% missingness were imputed via kNN (k = 5)6.
4. Dimensionality reduction: To mitigate multicollinearity, two PCA-derived indices were constructed following Z-score scaling: a Video Engagement Index (5 features) and a Favorites Index (2 features), retaining PC1 only8.
5. Standardization: All continuous predictors were z-scored during dataset construction. Within the cross-validated analyses the standardisation parameters (mean and standard deviation) were re-estimated on each training split and applied unchanged to the held-out split, so that the scaling applied to held-out cases never depends on those cases. The skew-reducing transformations above (log1p, winsorisation, arcsine) and the principal-component indices were applied once during dataset construction and are not re-applied within folds.
6. Validation: Pre/post transformation diagnostics confirmed improved normality, and Pearson correlations indicated no residual multicollinearity (|r| < 0.8).

Machine learning
Classification of CM status was approached with a pipeline of selection and classification.
Feature selection
Selection used LASSO stability selection over 200 half-samples with a selection-proportion threshold of 0.602,9,10; elastic-net stability selection and an ANOVA-F filter were computed as convergent evidence.
Twenty-four candidate indicators were entered into the selection stage. Table S5 reports, for every candidate, the LASSO stability-selection proportion (the fraction of 200 half-samples in which the feature received a non-zero coefficient), the corresponding elastic-net selection proportion, and the univariate ANOVA-F statistic. A feature entered the consensus set if it was stable (proportion ≥ 0.60) under LASSO. Ten features met this criterion.

Table S5. Selection proportions and univariate association for all 24 candidate features.
	Feature
	LASSO prop.
	Elastic-net prop.
	ANOVA F
	LASSO stable
	E-net stable
	ANOVA top-10

	Age
	.850
	.915
	6.33
	Yes
	Yes
	Yes

	Single Contacts/Week
	.845
	.930
	1.27
	Yes
	Yes
	No

	Searches/Week
	.790
	.910
	7.08
	Yes
	Yes
	Yes

	Socioeconomic Status
	.770
	.865
	9.74
	Yes
	Yes
	Yes

	Follower Count
	.765
	.890
	5.01
	Yes
	Yes
	Yes

	Posts/Week
	.750
	.890
	4.63
	Yes
	Yes
	Yes

	Session Length (Seconds)
	.715
	.880
	1.91
	Yes
	Yes
	No

	Number Of Weeks Favorites Recorded
	.660
	.795
	0.04
	Yes
	Yes
	No

	Parental Control
	.630
	.740
	3.99
	Yes
	Yes
	Yes

	Sexual Solicitations On TikTok
	.605
	.725
	4.29
	Yes
	Yes
	Yes

	Direct Messages Received/Week
	.590
	.775
	1.87
	No
	Yes
	No

	Meetings TikTok-Strangers Offline
	.570
	.740
	3.68
	No
	Yes
	Yes

	Following Count
	.530
	.695
	0.60
	No
	Yes
	No

	Favorites Index
	.510
	.720
	2.59
	No
	Yes
	Yes

	Gender
	.455
	.755
	0.26
	No
	Yes
	No

	Accounts Blocked/Week
	.420
	.680
	0.03
	No
	Yes
	No

	Online-Only Friends
	.410
	.710
	0.26
	No
	Yes
	No

	Chat Partners/Week
	.370
	.615
	0.49
	No
	Yes
	No

	Participation in TikTok Trend/Challenges
	.355
	.630
	1.14
	No
	Yes
	No

	Comments/Week
	.335
	.575
	0.47
	No
	No
	No

	Video Engagement Index
	.335
	.520
	2.92
	No
	No
	Yes

	Private Account Status
	.290
	.560
	0.05
	No
	No
	No

	Sessions/Week
	.250
	.540
	0.67
	No
	No
	No

	Likes Received on Profile
	.210
	.495
	1.66
	No
	No
	No


Note. N = 129 (41 CM-exposed). Selection proportions are computed across 200 stratified half-samples, so that no single partition of the data determines which features are retained; the resulting consensus set was held constant across the cross-validated analyses. Features are ordered by LASSO selection proportion; the ten features above Direct Messages Received/Week meet the 0.60 stability threshold.


Classification
The resulting consensus feature set was passed to three classifier families – L2-penalised logistic regression5 (primary), XGBoost4, and an Explainable Boosting Machine – evaluated under nested repeated 5×3 stratified cross-validation12. Class imbalance was handled by class weighting alone. For small samples with few events, reweighting the loss function achieves the same rebalancing of the decision boundary as resampling, without generating observations that were never collected and without the distortion of predicted risks that imbalance corrections have been shown to introduce3,14. Statistical significance was established with a label-permutation test: class labels were shuffled 200 times and the cross-validated fit was repeated on the consensus features for each shuffle, yielding a null distribution for discrimination under random labelling.
Incremental validity is reported in Table S6, skew diagnostics and sensitivity analyses in Tables S7 to S9, and confusion matrices in Table S10.
Discrimination was referred to a label-permutation null. Class labels were shuffled 200 times and the full cross-validated fit was repeated on the consensus features for each shuffle, yielding the distribution of discrimination obtainable from these indicators when their association with CM status is destroyed. No permuted fit reached the observed value (p = .005, the smallest value attainable with 200 permutations), indicating that the classifier recovers structure from the consensus features that is absent under random labelling.

Sensitivity analyses for incremental validity
To examine whether platform behaviour carries information beyond the control variables, the 10-feature consensus set was split into four controls (age, socioeconomic status, parental control, and the number of weeks favorites were recorded) and six behavioural indicators, and logistic regression was run on each block under the same nested protocol. Controls alone reached an AUC of 0.616 and behavioural indicators alone reached 0.676, with the combined set reaching 0.710, an increment of 0.094 over controls alone. This indicates that what adolescents do on TikTok is informative about CM exposure over and above their demographic background and the degree to which their media use is supervised

Table S6. Incremental validity of behavioral indicators over control variables (logistic regression, nested repeated 5×3 cross-validation).
	Feature block
	k
	AUC
	95% CI
	Macro-F1
	MCC
	Sensitivity
	Specificity

	Control variables only
	4
	0.616
	0.556–0.675
	0.563
	0.141
	0.528
	0.621

	Behavioural indicators only
	6
	0.676
	0.615–0.736
	0.649
	0.310
	0.634
	0.693

	Combined (consensus set)
	10
	0.710
	0.657–0.766
	0.633
	0.270
	0.569
	0.712


Note. All three blocks were evaluated with logistic regression under an identical protocol, so the comparison holds both the classifier and the validation scheme constant, and the feature block is the only quantity that varies. Controls comprise age, socioeconomic status, parental control and the number of weeks favorites were recorded; the behavioral block comprises the remaining six consensus features. Behavioral indicators alone exceed controls alone by 0.060 AUC, and the combined set exceeds controls alone by 0.094.

Skew sensitivity for the two leading features
The two most influential features, weekly single contacts and follower count, are counts with heavy right tails. Distributions of this shape are characteristic of social-platform engagement metrics, where a minority of users accumulates disproportionately large values, and a logarithmic transformation compresses such distributions without symmetrising them. Because logistic regression makes no distributional assumption about its predictors, residual skew is not in itself a violation of the model; the pertinent question is whether a small number of high-leverage observations drives the two effects. Three checks address that question directly: distribution diagnostics on the standardised values (Table S7), re-estimation under additional winsorisation and under exclusion of the tail participants (Table S8), and a rank transformation that discards magnitude information entirely while preserving order (Table S9). Winsorising at |z| = 2 left discrimination essentially unchanged (AUC = 0.705), excluding the ten participants in the tails reduced it modestly (AUC = 0.668), and a rank transformation preserved the direction of all ten coefficients. The two leading effects are therefore not artefacts of a small number of extreme observations.

Table S7. Distribution diagnostics for the two leading features (post-transformation, standardised).
	Feature
	Skewness
	Kurtosis
	|z| > 2
	|z| > 3
	Min
	Max
	Outcome among |z| > 2

	Single Contacts/Week
	+3.04
	+9.75
	7 (5.4%)
	5 (3.9%)
	−0.54
	+4.65
	1 of 7 CM-exposed

	Follower Count
	+3.68
	+15.93
	6 (4.7%)
	3 (2.3%)
	−0.49
	+5.87
	3 of 6 CM-exposed


Note. Base rate of CM exposure in the full sample is 0.32. Neither tail group is disproportionately CM-exposed, so neither effect is carried by a cluster of exposed participants at the extreme.

Table S8. Sensitivity of the primary model to the tail participants.
	Condition
	N
	AUC
	95% CI
	MCC

	Full sample
	129
	0.710
	0.657–0.766
	0.270

	Winsorised at |z| ≤ 2
	129
	0.705
	0.649–0.760
	0.274

	Tail participants excluded
	119
	0.668
	0.607–0.729
	0.265


Note. Logistic regression on the ten consensus features under nested repeated 5×3 cross-validation. Ten participants were removed in the trimmed condition. Discrimination is essentially unchanged under winsorisation and declines only modestly when the tails are removed altogether.

Table S9. Coefficient directions under the original and rank-transformed predictors.
	Feature
	Original β
	Rank-based β
	Direction preserved

	Single Contacts/Week
	−0.840
	−0.513
	Yes

	Follower Count
	+0.615
	+0.319
	Yes

	Searches/Week
	+0.490
	+0.422
	Yes

	Age
	+0.467
	+0.544
	Yes

	Session Length (Seconds)
	+0.389
	+0.434
	Yes

	Posts/Week
	+0.383
	+0.510
	Yes

	Number Of Weeks Favorites Recorded
	−0.375
	−0.329
	Yes

	Socioeconomic Status
	+0.355
	+0.041
	Yes

	Sexual Solicitations On TikTok
	+0.194
	+0.283
	Yes

	Parental Control
	−0.180
	−0.192
	Yes


Note. Predictors were replaced by their within-sample quantile ranks, discarding all magnitude information. All ten coefficient signs are preserved. The rank-transformed model reaches AUC = 0.659 (95% CI 0.602–0.715), lower than the original as expected when magnitude information is removed, but well above chance.

Confusion matrices
Table S10 reports pooled out-of-fold confusion matrices for all three classifier families on the ten consensus features, at the default 0.5 decision threshold. Counts are pooled across the three repeats of 5-fold cross-validation, giving 387 out-of-fold predictions (123 CM-exposed, 264 non-exposed). 
The relationship between discrimination and case detection warrants comment. A macro-F1 of 0.633 should be read against the appropriate baselines for a macro-averaged metric: a majority-class classifier on the current sample would achieve a macro-F1 of 0.405 and a stratified-random classifier approximately 0.50. Taken together, the metrics describe moderate discrimination combined with limited case detection at the default 0.5 cut-off, at which the model misses over 40% of exposed adolescents (Supplementary Table S10). This is a property of the operating threshold rather than a failure of the model: the ranking of participants by predicted risk carries reproducible information, and where on that ranking a decision boundary is placed is a separate question with its own consequences15. In addition, case detection is not the scope of the here presented analyses.

Table S10. Pooled out-of-fold confusion matrices at the default threshold.
	Model
	True positives
	False negatives
	True negatives
	False positives
	Sensitivity
	Specificity
	Accuracy

	Logistic regression (primary)
	70
	53
	188
	76
	0.569
	0.712
	0.667

	Explainable Boosting Machine
	39
	84
	238
	26
	0.317
	0.902
	0.716

	XGBoost
	56
	67
	209
	55
	0.455
	0.792
	0.685


Note. Counts are pooled across the outer test folds of the repeated 5×3 cross-validation (387 predictions from 129 participants across three repeats), so each participant contributes one prediction per repeat and no prediction originates from a model that saw that participant during training. Sensitivity, specificity and accuracy are computed directly from these counts at the default 0.5 decision threshold.

Sensitivity of the Session Definition to the Inactivity Threshold
A session was operationalized as continuous TikTok use interrupted by at least 10 minutes of inactivity. To assess the sensitivity of session-based metrics to this threshold, we recomputed all session variables under 5-, 10-, and 15-minute inactivity cutoffs and compared them within participants (N = 129). Consistent with the operational meaning of the threshold, participants without a valid session under a given cutoff were assigned a missing value rather than an imputed zero.
Participant retention was identical across all three thresholds: 116 of 129 participants (89.9%) had at least one valid session under every cutoff, and McNemar tests confirmed no participant changed classification between having and not having valid sessions across any pairwise comparison (0 discordant pairs; p = 1.0). Absolute session metrics showed the expected monotonic pattern, with shorter thresholds yielding more, shorter sessions (median sessions per week: 44.6 at 5 min, 36.0 at 10 min, 32.2 at 15 min; Table S11). Friedman tests indicated highly significant differences across thresholds (session counts: χ²(2) = 229.01, p < .001, Kendall’s W = 0.89; sessions per week: W = 0.99; average session length: W = 0.89), and mixed-effects models showed that the 10-minute threshold used here yielded approximately 18% fewer sessions than the 5-minute cutoff and approximately 11% more than the 15-minute cutoff. Critically, the rank-order of participants was near-perfectly preserved across thresholds (Spearman ρ = 0.990–0.998 for all pairwise comparisons, all p < .001), indicating that threshold choice rescales absolute session counts without materially altering the relative standing of participants – the quantity underlying all between-group comparisons and standardized machine-learning features reported in this study.

Table S11. Session Metrics Under 5-, 10-, and 15-Minute Inactivity Thresholds (N = 129)
	Threshold
	Participants with ≥1 session
	Median sessions
	Median sessions/week

	5 min
	116 (89.9%)
	457.0
	44.6

	10 min
	116 (89.9%)
	374.0
	36.0

	15 min
	116 (89.9%)
	317.0
	32.2



Note. Median session length in seconds increased monotonically with threshold length (mixed-effects estimates, all p < .001); exact medians are reported in the analysis output. Rank-order of participants was preserved across all thresholds (Spearman ρ = 0.990–0.998).


Supplementary Analyses

Longitudinal Measurement Invariance of the Short Mood and Feelings Questionnaire
Longitudinal measurement invariance of the Short Mood and Feelings Questionnaire (SMFQ) was examined using a series of nested confirmatory factor models estimated with robust maximum likelihood (MLR) and full information maximum likelihood (FIML) to account for missing data (N = 129). The configural model, specifying equal factor structure across T1 and T2, showed acceptable fit (CFI = .834, RMSEA = .084, SRMR = .084). Constraining factor loadings to equality across time points (metric invariance) did not result in significant model deterioration (ΔCFI = .001, Δχ²(12) = 18.41, p = .104). Further constraining item intercepts to equality (scalar invariance) also did not significantly worsen model fit (ΔCFI = .002, Δχ²(13) = 18.62, p = .136). These results support scalar measurement invariance of the SMFQ across T1 and T2, indicating that depressive symptoms were measured equivalently across assessment points and that longitudinal comparisons are psychometrically justified.
Table S12. Fit Indices for Longitudinal Measurement Invariance Models of the SMFQ
	 

	Model
	df
	χ²
	CFI
	RMSEA
	SRMR
	ΔCFI
	p

	1. Configural
	298
	514.28
	.834
	.075
	.084
	-
	-

	2. Metric
	310
	533.41
	.833
	.075
	.090
	.001
	.104

	3. Scalar
	323
	552.92
	.831
	.074
	.092
	.002
	.136


Note. N = 129. Models estimated using robust maximum likelihood (MLR) with full information maximum likelihood (FIML). χ² values are scaled (Yuan-Bentler correction). CFI = Comparative Fit Index; RMSEA = Root Mean Square Error of Approximation; SRMR = Standardized Root Mean Square Residual; ΔCFI = change in CFI relative to previous model; p = p-value for the scaled chi-square difference test (Satorra-Bentler). Metric model: Δχ²(12) = 18.41; Scalar model: Δχ²(13) = 18.62.


Pseudocode
Algorithm 1. Computational workflow (pseudocode)

Input:
- anonymized raw participant data
- transformed tabular data for machine learning
- demographic, behavioural, and outcome variables

Procedure:
1. Load the raw and transformed datasets.
2. Set the random seed for reproducibility.
3. Create the analysis sample and define the target variable.
4. Preprocess predictors:
a. identify numeric and categorical variables
b. impute missing values
c. scale numeric variables
d. one-hot encode categorical variables
5. Select features (decoupled from classification):
   a. fit an L1-penalised logistic model to each of 200 half-samples
   b. record each feature's selection proportion across resamples
   c. retain features with a selection proportion of at least 0.60
   d. compute elastic-net proportions and ANOVA-F as convergent evidence
6. Evaluate classifiers on the retained feature set:
   a. for each outer fold of the repeated 5×3 stratified scheme:
      i.   fit the imputation and standardisation parameters on the training split only
      ii.  restrict both splits to the consensus feature set
      iii. fit logistic regression, XGBoost and the boosting machine with class weights
      iv.  predict the held-out split
7. Pool out-of-fold predictions; compute AUC with a bootstrap confidence interval, macro-F1, MCC, sensitivity and specificity.
8. Test against a label-permutation null: shuffle the labels 200 times and repeat the cross-validated fit on the consensus feature set for each shuffle.
9. Fit the primary model on the full sample for interpretation only; compute SHAP values, permutation importance and odds ratios.
10. Run the R-based structural equation model:
a. read the longitudinal dataset
b. recode MFQ items
c. compute the depression score at follow-up
d. define covariates and predictors
e. fit the SEM with full-information maximum likelihood and robust standard errors
f. report standardized estimates and R-squared

Output:
- model evaluation results
- SEM estimates and fit output
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