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Cognitive training is a promising intervention for psychological distress; however, its effectiveness has
yielded inconsistent outcomes across studies. This research is a pre-registered individual-level meta-
analysis to identify factors contributing to cognitive training efficacy for anxiety and depression
symptoms. Machine learning methods, alongside traditional statistical approaches, were employed to

analyze 22 datasets with 1544 participants who underwent working memory training, attention bias
modification, interpretation bias modification, or inhibitory control training. Baseline depression and
anxiety symptoms were found to be the most influential factor, with individuals with more severe
symptoms showing the greatest improvement. The number of training sessions was also important, with
more sessions yielding greater benefits. Cognitive trainings were associated with higher predicted
improvement than control conditions, with attention and interpretation bias modification showing the
most promise. Despite the limitations of heterogeneous datasets, this investigation highlights the value of
large-scale comprehensive analyses in guiding the development of personalized training interventions.

Interventions targeting the cognitive mechanisms underlying anxiety and
depressive symptoms have gained significant research interest in recent
decades due to the high prevalence of these symptoms and the potential of
online and remote treatment delivery.

Computerized cognitive interventions target the neurobiological
mechanisms underlying cognitive and emotional domains by means of a
demanding and engaging task that is repeatedly performed on a technolo-
gical device'”. Studies that have tested the efficacy of different cognitive
training interventions in alleviating maladaptive symptoms of anxiety and
depression have yielded contradictory outcomes (for a more thorough
review see refs. 3,4).

Evidence suggests that specific characteristics of computerized cogni-
tive training (such as the number of training sessions’) influence training
efficacy. Moreover, some studies indicate that specific types of training
methods are more effective in certain situations and/or for specific popu-
lations (e.g., greater improvements from attention bias modification for

individuals dealing with generalized anxiety or depression, but lower
improvements for those dealing with social anxiety and post-traumatic
stress disorder®). Comparing the effectiveness of computerized training
techniques, as well as the effect of individual differences on training efficacy,
is highly valuable for several reasons: (a) they can provide guidelines to
determine the optimal conditions and characteristics of effective training
regimes'; (b) they can advance knowledge on central mechanisms under-
lying successful training’; and (c) they can promote individually tailored
training programs®. Anxiety and depression are the most prevalent mental
health disorders globally, imposing a substantial individual and economic
burden that exceeds many other conditions™'’. Current treatments often
yield only moderate success rates'"'’, partly due to their broad, non-
personalized nature"”. This underscores the urgent need for accessible, cost-
effective interventions for anxiety and depression, that can be tailored to
specific individual characteristics, to improve outcomes for those affected
with maximum optimization.

Afull list of affiliations appears at the end of the paper.
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Researchers have claimed that inconsistent outcomes across the cog-
nitive training field may derive from methodological differences among
cognitive training studies'*" as well as from individual differences in
demographic, cognitive and clinical states'®. More specifically, studies have
found that the efficacy of training regimens can be affected by study-level
characteristics, such as training duration’ and training location"’, as well as
by individual-level characteristics, such as age'® and baseline cognitive
ability”. In line with these findings it was proposed'™* that cognitive
training interventions may be more beneficial for some individuals than for
others and that group averages may conceal this insight.

These challenges and explanations are in line with a perspective article
in Nature® whose authors suggest that treatment effects in behavioral sci-
ence are invariably heterogeneous, rendering replication failures pre-
dictable. The authors challenge us to consider: “What if instead of treating
variation in intervention effects as a nuisance or a limitation on the
impressiveness of an intervention, we assumed that intervention effects
should be expected to vary across contexts and populations?” (Page 982).
They called for a “heterogeneity revolution” with the opportunity to
investigate heterogeneity by considering effects of context and populations
and accounting for moderating factors and subgroup differences, rather
than relying on the assessment of average treatment effects.

In recent years, meta-analyses examining the efficacy of cognitive
training for anxiety and depression have taken some steps toward identi-
fying individual- or study-level moderators. However, their findings have
been inconsistent, likely due to several factors: (a) a narrow focus on specific
subsets of cognitive training, such as a single type of training, or isolated
cognitive functions (e.g., working memory, inhibitory control) or cognitive
biases (e.g., attention or interpretation bias modification); (b) reliance on
aggregated study-level data rather than individual-level data; and (c) the use
of classical statistical methods that struggle to address sample
heterogeneity“**>”’. These studies highlight the dependency of the field on
traditional approaches and limited datasets, which have left significant gaps
in understanding the broader applicability and integration of cognitive
training methods. These limitations call for approaches that can utilize
individual-level data and advanced statistical methods capable of managing
heterogeneity to investigate cognitive training™.

Recent studies have highlighted the potential of machine learning (ML)
methods to identify individual characteristics that influence treatment
efficacy” . Due to their strong computational power, ML approaches may
reveal specific patterns that might be missed by more traditional methods™.
Rather than relying on statistical approaches that produce average effects,
ML methods can consider the influence of non-linear and higher-order
interaction effects, thus offering flexible modeling of moderating variables
that can account for differences in training efficacy’**. To our knowledge,
our investigation is the first application of ML approaches in evaluating the
contribution of individual- and study-level characteristics to the effective-
ness of various cognitive training interventions for anxiety and depression
symptoms.

Here, we attempt to move forward from the debate over the efficacy of
cognitive training, in line with the suggestions of refs. 1,35 that a “one-size-
fits-all” approach is unlikely to work. We do this by addressing individual-
and study-level characteristics that may affect the efficacy of different cog-
nitive training regimens. To that end, we designed a large-scale individual-
level meta-analysis based on ML methods. Specifically, our study is a pre-
registered multi-lab international endeavor designed to identify the pro-
minent components underlying effective cognitive training interventions
for anxiety and depression symptoms. We seek to identify the factors that
influence the efficacy of several cognitive training types: (1) working

memory training, in which participants are asked to track and maintain
goal-relevant information, despite the interference of distractions; (2)
attention bias modification (ABM), in which participants implicitly learn to
attend to neutral or positive stimuli while ignoring negative stimuli; (3)
cognitive bias modification of interpretation (CBM-I), in which participants
learn to interpret ambiguous information in a positive or neutral manner;
and (4) inhibitory control training, in which participants are asked to inhibit
irrelevant information’”.

We aimed to answer two questions: (Aim 1) What are the variables that
affect training efficacy? (i.e., addressed by comparing training and control
groups, irrespective of type of training); and (Aim 2) What are the variables
that affect the efficacy of specific types of training? (addressed by comparing
the four different training types).

Results
Please see Supplementary Information 1 for missing data information.

RF-based analysis, complete data set: Aim 1. Identifying who
benefits from cognitive training

Table 1 presents the tuning parameters selected via the eightfold procedure,
and the MSE values of the prediction in training and validation sets, for main
and secondary outcomes.

As observed, the MSE values for the training and validation sets
showed only minor differences across both outcomes, suggesting that the
models are not overfitting to the training data. Additionally, both outcome
predictions demonstrate relatively high accuracy, with MSE values falling
within less than one standard deviation of the standardized outcome scale.

Figures 1 and 2 show the importance of the features and SHAP values
of the prediction of the main outcome.

As observed from Figs. 1 and 2, the most contributing moderators were
the baseline score of the main outcome measure and number of training
sessions. The SHAP values indicate that participants with higher baseline
anxiety and depression symptoms showed more improvement and that an
increased number of training sessions led to more improvement.

In addition, the optimal condition (i.e., training or control) was pre-
dicted for each participant based on the trained and tested RF model. Table 2
shows the number of participants expected to be assigned to each group.

As shown in Table 2, 838 participants (62%) were predicted to achieve
greater gain when assigned to one of the training groups.

Figures 3 and 4 show the importance of the features and SHAP values
of the prediction of the secondary outcome.

As shown by Figs. 3 and 4, the moderators with the greatest con-
tribution were the aggregated baseline score of the secondary outcome
measure and the training session duration. The SHAP values indicate that
participants with higher baseline anxiety and depression symptoms
improved more and that a medium session duration was the most effective
for improvement.

In addition, the optimal condition (i.e., training or control) was pre-
dicted for each participant based on the trained and tested RF model. Table 3
shows the number of participants expected to be assigned to each group.

As shown in Table 3, 799 participants (71%) were predicted to achieve
greater gain when assigned to one of the training groups.

RF-based analysis, complete data set: Aim 2. Identifying who
benefits from a specific type of training

Table 4 presents the tuning parameters selected via the 8-fold procedure,
and the MSE values of the prediction in training and validation sets, for the
main and secondary outcomes.

Table 1 | Selected tuning parameters and MSE values for the main and secondary outcomes prediction of Aim 1

Outcome N trees Minimum samples split Minimum samples leaf Max features Max depth Training MSE Validation MSE
Main 25 9 2 4 6 1.08 0.92
Secondary 10 12 8 5 21 0.43 0.46
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Fig. 1 | Feature importance of Aim 1: main out-
come. The relative contribution of each moderator
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Fig. 2 | SHAP values for Aim 1: main outcome. SHAP values for each moderator and
the corresponding binary value key table. Features with positive SHAP values contribute
positively to the outcome, while those with negative values have a negative effect. Blue

indicates lower values for each moderator, whereas red indicates higher values. When the
values are binary, the original coding determines classification to “lower” and “higher”.
For instance, the “diagnosis” (method) feature was coded as “1” for clinical evaluations

and “2” for self-report questionnaires; therefore, clinical evaluations are shown in blue,
and self-report questionnaires are in red. Thus, the graph indicates that participants with
clinical diagnoses are expected to gain more improvement than those with sub-clinical
symptom levels. However, this moderator’s overall importance for prediction is minimal,
as indicated in Fig. 1. For continuous values, color coding is also continuous without clear
cut-offs. See Fig. 1 for the abbreviations of all moderators.

Table 2 | Optimal group prediction for Aim 1: main outcome

Original group

Training Control Total
Optimal group Training 452 386 838
Control 242 253 495

Total 694 639 1333

As observed, the MSE values for the training and validation sets
showed only minor differences across both outcomes, suggesting that the
models are not overfitting to the training data. Additionally, both outcome
predictions demonstrate relatively high accuracy, with MSE values falling
within less than one standard deviation of the standardized outcome scale.

Figures 5 and 6 show the importance of the features and SHAP values
of the prediction of the main outcome.

As shown in Fig. 5 and 6, the key contributing moderators were the
baseline score of the main outcome measure, followed by the number of
sessions. The SHAP values suggest that participants with higher baseline
anxiety and depression symptoms showed more improvement and that an
increased number of sessions led to greater gain.

In addition, the optimal training condition (i.e., working memory
training, ABM, CBM-], or inhibitory control training) was predicted for
each participant based on the trained and tested RF model. Table 5 shows
the number of participants expected to be assigned to each group.

As shown in Table 5, 557 participants (80%) were predicted to achieve
greater gain when assigned to ABM, 134 participants (19%) to CBM-I, 3
participants to inhibitory control training, and no participants were pre-
dicted to gain from working memory training,
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Fig. 3 | Feature importance of Aim 1: secondary
outcome. The relative contribution of each mod-
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Fig. 4 | SHAP values for Aim 1: secondary outcome. SHAP values for each
moderator and the corresponding binary value key table. Features with positive
SHAP values contribute positively to the outcome, while those with negative values
have a negative effect. Blue indicates lower values for each moderator, whereas red

indicates higher values. When the values are binary, the original coding determines
classification to ‘lower” and ‘higher’. Note: pre_secondary= baseline score in the
secondary outcome. See Fig. 1 for the abbreviations of all moderators.

Table 3 | Optimal group prediction for Aim 1: Secondary
outcome

Original group

Training Control Total
Optimal group Training 406 393 799
Control 182 135 317

Total 588 528 1116

Figures 7 and 8 show the importance of the features and SHAP values
of the prediction of the secondary outcome.

As observed from Figs. 7 and 8, the most contributing moderators were
the aggregated baseline score of the secondary outcome measure and the
duration of the training session. The SHAP values indicate that participants
with higher baseline anxiety and depression symptoms improved more

following training and that medium and short session durations were more
effective for improvement than long ones.

In addition, the optimal training condition (i.e., working memory
training, ABM, CBM-], or inhibitory control training) was predicted for
each participant based on the trained and tested RF model. Table 6 shows
the number of participants expected to be assigned to each group.

As shown in Table 6, 108 participants (18%) were predicted to achieve
greater gain when assigned to ABM, 480 participants (82%) to CBM-I, and
no participants were predicted to gain from working memory or inhibitory

control training.

LME analysis, clinical data set: Aim 1. Identifying who benefits

from cognitive training

The linear mixed effects (LME) model was constructed twice for the clinical
data set, while after the first estimation, all non-significant interactions were

removed.
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Table 4 | Selected tuning parameters and MSE values for the main and secondary outcomes for prediction of Aim 2

Outcome N trees Minimum samples split Minimum samples leaf Max features Max depth Training MSE Validation MSE
Main 50 2 8 5 19 1.20 0.83
Secondary 100 4 7 9 8 0.43 0.41

Fig. 5 | Feature importance of Aim 2: main out-
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negative effect. Blue indicates lower values for each moderator, whereas red indicates
higher values. When the values are binary, the original coding determines classifi-
cation to “lower” and “higher”. See Fig. 1 for the abbreviations of all moderators.

Fig. 6 | SHAP values for Aim 2: main outcome. SHAP values for each moderator
and the corresponding binary value key table. Features with positive SHAP values
contribute positively to the outcome, while those with negative values have a

Table 5 | Optimal group prediction for Aim 2: Main outcome

Original group

Working memory training ABM CBM-I Inhibitory control training Total
Optimal group Working memory training 0 0 0 0 0
ABM 72 168 118 199 557
CBM-I 0 72 50 12 134
Inhibitory control training 0 2 0 1 3
Total 72 242 168 212 694

npj Digital Medicine | (2025)8:65 5


www.nature.com/npjdigitalmed

https://doi.org/10.1038/s41746-025-01449-w

Article

Fig. 7 | Feature importance of Aim 2: secondary

Aim 2 - secondary outcome, variable importance
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Fig. 8 | SHAP values for Aim 2: secondary outcome. SHAP values for each mod-
erator and the corresponding binary value key table. Features with positive SHAP
values contribute positively to the outcome, while those with negative values have a
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higher values. When the values are binary, the original coding determines classifi-
cation to “lower” and “higher”. See Fig. 1 for the abbreviations of all moderators.

Table 6 | Optimal group prediction for Aim 2: Secondary outcome

Original group

Working memory training ABM CBM-I Inhibitory control training Total
Optimal group Working memory training 0 0 0 0 0
ABM 5 102 1 0 108
CBM-| 60 140 136 144 480
Inhibitory control training 0 0 0 0 0
Total 65 242 137 144 588

Table 7 presents the MSE values of the prediction for the main and
secondary outcomes.

The MSE values of both outcomes fall within less than 1.5 standard
deviations of the standardized outcome scale.

Table 8 presents the Beta coefficients of the moderators and interac-
tions found significant in the first estimation and inserted into the second
estimation.

As shown in Table 8, a main effect for the baseline main outcome was
found (B = 0.45, t(158) = 5.97, p<.001) such that higher baseline anxiety
and depression symptoms were associated with more gain. A main effect for
gender was also found (B = —0.53, t(158) = —2.59, p<0.05), such that
women had lower gains than men. In addition, an interaction effect was
found between the control condition and the depression and anxiety and
other conditions. Multiple comparisons with Bonferroni correction
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Table 7 | MSE values for the main and secondary outcomes
prediction of Aim 1

Table 9 | Beta coefficients of Aim 1: secondary outcome

Gain secondary

MSE Predictors Estimates Cl p
Main outcome 1.32 (Intercept) 1.14 -10.01-12.29 0.840
Secondary outcome 1.49 age 0 -0.02-0.02 0.892
gender [1] -0.56 -1.03--0.09 0.020
. - - Current -0.43 -0.90-0.05 0.078
Table 8 | Beta coefficients of Aim 1: main outcome medications [1]
Gain main nsessions -0.17 -1.64-1.30 0.816
Predictors Estimates Cl p Type of diagnosis [1] 0.24 -0.29-0.77 0.376
(Intercept) 0.28 -0.92-1.48 0.643 Type of diagnosis [2] 0.09 -1.11-1.29 0.882
pre main 0.45 0.30-0.59 <0.001 Type of diagnosis [3] 0.31 -0.89-1.52 0.606
age -0.01 -0.02-0.01 0.515 is training [2] 0.31 -0.40-1.02 0.391
gender [1] -0.53 -0.93--0.13 0.011 pre secondary 0.61 0.42-0.80 <0.001
Current medications [1]  -0.22 -0.62-0.18 0.270 is training [2] x pre -0.25 -0.48--0.03 0.029
nsessions 0.07 -0.01-0.15 0.081 secondary
is training [2] -0.05 -0.67-0.58 0.886 SalDIEIES
Type of diagnosis [1] -0.03 -0.59-0.54 0.928 il i
Type of diagnosis [2] 0.2 -0.97-1.36 0.737 LOEhdy B
Type of diagnosis [3] -1.43 -2.59--0.27 0.016 lee i
is training [2] x Type of ~ -0.39 -1.18-0.39 0.324 N study 3
diagnosis [1] Observations 144
is training [2] x Type of -0.21 -2.94-2.52 0.878 Marginal R%/ 0.394/0.470
diagnosis [2] Conditional R?
is training [2] x Type of 4.51 1.83-7.19 0.001 Beta coefficients, confidence interval, and p-value of all moderators and interactions in the second
diagnosis [3] estimation of the LME model for the clinical data set. Note: pre_secondary—baseline score of the
secondary outcome. See Table 8 for all abbreviations and value keys.
Random Effects
o 1.43
00 study 0.00
N study 3 Table 10 | MSE values for the main and secondary outcomes
- prediction of Aim 2
Observations 171
Marginal R*/Conditional  0.356 MSE
R?NA Main outcome 181
Beta coefficients, confidence interval, and p-value of all moderators and interactions in the second
Secondary outcome 1.29

estimation of the LME model for the clinical data set. Note: pre_main - baseline score in the main
outcome, gender [1] - women, Current medications [1] - yes, is training [2] - control, Type of
diagnosis [0/1/2/3] - depression; depression and anxiety; depression and other conditions;
depression and anxiety and other conditions, respectively, nsession - number of sessions.

revealed that in the control condition, participants with depression, anxiety,
and other psychiatric conditions showed significantly greater gains than
participants with only depression and anxi-
ety (B = —3.50, t(158) = —2.86, p<0.05).

Table 9 presents the Beta coefficients of the moderators and interac-
tions found significant in the first estimation and inserted into the second
estimation.

As shown in Table 9, a main effect for the baseline secondary aggre-
gated outcome was found (B = 0.61,#(132.87) = 6.37, p<.001), such
that higher anxiety and depression symptoms were associated with more
gain. A main effect for gender was also found
(B = —0.56,1(132.04) = —2.35,p<0.05), such that women had lower
gains than men. Finally, an interaction effect between the control condition
and the baseline secondary aggregated outcome was found
(B = —0.25,1(132.45) = —2.21,p<0.05), such that the effect of the
baseline score on gain is weaker in the control condition.

LME analysis, clinical data set: Aim 2. Identifying who benefits
from a specific type of training

Due to almost complete multicollinearity between the training type and the
moderators “number of sessions” and “type of diagnosis”, these two

moderators were not included in the model. Table 10 presents the MSE
values of the prediction for main and secondary outcomes.

The MSE values of both outcomes fall within less than 1.5 standard
deviations of the standardized outcome scale.

Table 11 presents the Beta coefficients of the moderators and inter-
actions found significant in the first estimation and inserted into the second
estimation.

As shown in Table 11, no significant interactions were found in
the first estimation of the model. Therefore, no interactions were
inserted into the second model. After the second estimation, a
main effect for the baseline main outcome was found
(,B =0.42,1(80) = 3.319,p<0.05), such that a higher baseline score
was associated with more gain.

Table 12 presents the Beta coefficients of the moderators and inter-
actions found significant in the first estimation and inserted into the second
estimation.

As shown in Table 12, a main effect for the baseline secondary
aggregated outcome was found (8 = 0.67,£(77.28) = 6.41, p<.001), such
that a higher baseline score was associated with more gain. In addition, the
interaction effect between the CBM-I training and the medication status was
significant. Multiple comparisons with Bonferroni correction revealed that
participants not taking medications showed significantly greater improve-
ment in CBM-I training compared to those who were on medica-
tions (B = 0.98, £(78.02) = 3.15, p<0.05).
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Table 11 | Beta coefficients of Aim 2: Main outcome

Gain main
Predictors Estimates Cl P
(Intercept) 0.84 -0.52-2.20 0.224
training type [3] 0.09 -0.69-0.88 0.811
pre main 0.42 0.17-0.68 0.001
age -0.01 -0.04-0.01 0.357
gender [1] -0.39 -0.96-0.17 0.170
Current medications [1]  -0.1 -0.66-0.47 0.734
Random Effects
o?; 1.41
00 study 0.00
N study 3
Observations 86
Marginal R%/ 0.187/NA

Conditional R?

Beta coefficients, confidence interval, and p-value of all moderators and interactions in the second
estimation of the LME model for the clinical data set. Note: training type [2/3] - attention bias
modification or interpretation bias modification, respectively. See Table 8 for all abbreviations and
value keys.

Table 12 | Beta coefficients of Aim 2: Secondary outcome

Gain secondary

Predictors Estimates Cl p
(Intercept) -0.53 -1.77-0.70 0.393
Pre secondary 0.67 0.46-0.88 <0.001
age 0.01 -0.02-0.03 0.577
gender [1] -0.46 -1.01-0.10 0.109
training type [3] 0.24 -1.21-1.68 0.746
Current medications [1] 0.52 -0.79-1.83 0.431
Training type [3] x -1.51 -2.94--0.07 0.040
Current medications [1]

Random Effects

o’ 1.42

00 study 0.17

ICC 0.11

N study 3

Observations 86

Marginal R%/ 0.514/0.567

Conditional R?

Beta coefficients, confidence interval, and p-value of all moderators and interactions in the second
estimation of the LME model for the clinical data set. Note: pre_secondary - baseline score of the
secondary outcome. training type [2/3] - attention bias modification or interpretation bias
modification, respectively. See Table 8 for all abbreviations and value keys.

Discussion

Cognitive training interventions are being developed and tested worldwide
in both academic and commercial settings, as they demonstrate promising,
though inconsistent, potential for improving cognitive and emotional
capacities and/or efficiency’®”. The current study is the first to evaluate the
contribution of study-level (i.e., training characteristics) and individual-level
(i.e., demographic and symptomatic characteristics) moderators to the
efficacy of cognitive training for anxiety and depression symptoms and of
certain training types in particular. To this end, we implemented ML
methods to analyze individual-level data collected from 1544 participants
across the globe, all of whom completed one of the following cognitive
training interventions or its corresponding control activity: working

memory training, attention bias modification, interpretation bias mod-
ification, and inhibitory control training.

To investigate factors that moderate the efficacy of cognitive training
for anxiety and depression symptoms, we grouped all cognitive training
types to identify those who benefit from cognitive training in general and
compared their efficacy to all control groups. The RF model exhibited a
relatively high accuracy for predicting gain, as reflected in the MSE values, in
two analyses in which the main outcome measure and a secondary aggre-
gated outcome measure were applied. The feature importance procedure
showed which individual and study-level characteristics contribute to the
prediction of training efficacy. Baseline outcome score and training dose
(number of sessions in the main outcome analysis and session duration in
the secondary outcome analysis) emerged as the most important mod-
erators for predicting training efficacy. The SHAP values indicated that
participants with elevated baseline scores improved more than those with
lower baseline scores. An increased number of sessions and medium
duration of sessions were also associated with more improvement following
training. In our dataset, the number of training sessions ranged from 1 to 15,
with only one study having 84 sessions, and session durations varied
between 2 and 30 min. Since the SHAP values do not specify cut-offs for
color coding, the specific number and duration of sessions that were asso-
ciated with the highest improvement cannot be directly inferred. Addi-
tionally, the training condition resulted in greater gains compared to the
control condition. Accordingly, the training condition was predicted to be
the optimal group for most participants.

The second aim was to identify who benefits from each specific type of
cognitive training. Once again, the RF model yielded relatively accurate
predictions for the main and secondary outcomes, as reflected in the MSE
values. When examining feature importance, the most important mod-
erators were again baseline outcome score and training dose (number of
sessions in the main outcome analysis and session duration in the secondary
outcome analysis). Similarly to the results of Aim 1, the SHAP values
indicated that participants with increased baseline scores improved more
and that an increased number of sessions, and medium or short duration of
sessions, led to more improvement following training. For the main out-
come, ABM and CBM-I were associated with more gains, while working
memory and inhibitory control training were not. The optimal group pre-
dicted for most of the participants was the ABM group. For the secondary
outcome, the CBM-I group was associated with more improvement than the
other groups, and in accordance, it was predicted as the optimal group for
most of the participants.

When focusing exclusively on participants with a clinical diagnosis,
who represent a highly relevant population for cognitive training inter-
ventions, only an LME model could be employed due to the limited number
of participants with available clinical data. The model demonstrated sound
predictive accuracy across primary and secondary outcomes. When ana-
lyzing individual- and study-level moderators that might influence training
efficacy among patients, we found that patients with more severe symptoms
and men, more than women, exhibited greater improvements. The effect of
the baseline score was attenuated in the secondary outcome, such that the
severity of baseline symptoms was less predictive of training efficacy in the
control condition. Additionally, patients with multiple diagnoses showed
significantly greater improvement in the control condition, suggesting that
training and control conditions may not be distinctly different for this
group. Finally, when considering moderators in the context of comparing
different types of training, the baseline score effect was consistent for both
main and secondary outcomes. Furthermore, medication status influenced
gains in the CBM-I training, with non-medicated patients showing greater
improvement.

Overall, as we detail below, our results point to specific factors that
modulate the efficacy of cognitive training. The results suggest that indivi-
dual and training characteristics play a central role. At the individual level,
the individual’s clinical status (represented by a clinical diagnosis or baseline
score on the selected self-report mental health questionnaire) is a funda-
mental factor in determining the success of cognitive training. This is
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somewhat aligned with the results published® that reported moderating
significant effects for “clinical status” (clinical or non-clinical sample) in
CBM-I and “symptom type” (type of mental disorder) in ABM.

At the training level, dose-related ingredients of the training (e.g.,
number of training sessions and session duration) were pivotal to training
efficacy. This result is consistent with previous meta-analytical reviews that
focused on older adults*’ and on brain-injured patients*'. Elsewhere, how-
ever, for example in schizophrenia research, evidence for the moderating
role of baseline symptom severity and training dose in cognitive training
efficacy has been mixed. While several meta-analyses**™** found no mod-
erating role for baseline symptom severity, others* found that the higher the
symptoms the better the outcome of training. Similar mixed results were
reported for symptom duration**. These studies relied on classical statis-
tical methods and primarily aggregated study-level data, which may have
contributed to the conflicting findings. In our study, the ML-based frame-
work addresses these limitations by leveraging individual-level data and
integrating multiple cognitive training modalities, providing a promising
path for resolving such inconsistencies in schizophrenia research and other
conditions beyond anxiety and depression.

Although men improved more than women in the LME model of the
complete and clinical data sets, this effect was not attenuated by condition
(training vs. control), and the gender moderator showed only minimal
contribution in the RF-based model. Therefore, it seems that both age and
gender had a minimal influence in predicting improvement values. This
finding is in line with a recent systematic review that examined the effects of
cognitive control training on anxiety and depression in children and ado-
lescents. This review revealed that the impact of age on changes in anxiety
and depression symptoms is nonsignificant"”. Another meta-analytic review
that focused on depressed individuals found a moderating effect of age but
not gender”. A review of six meta-analyses on the efficacy of CBM-I
revealed that most studies found no significant effects of gender or age*®. In
the current data, age was distributed evenly in both groups, and therefore, it
is less plausible that the small contribution of this moderator to the pre-
diction model is due to unbalanced distribution (e.g., mean age was 29.3,
SD = 11.2, for the training group, and 28.2, SD = 10 for the control group).
Although the participants in the meta-analysis ranged in age from 18 to 74,
the majority were younger (18-40). Therefore, the minimal impact of age
should be considered with caution beyond this range. Future studies com-
paring the efficacy of cognitive training across different age groups are
needed to determine whether significant age differences affect training
outcomes.

Our second analysis, which sought to identify subgroups of individuals
who benefit from one type of cognitive training more than other types,
indicated that ABM and CBM-I may lead to greater improvements for
certain participants compared to working memory or inhibitory control
training. This extends previous studies that have demonstrated the effec-
tiveness of these methods across various psychiatric disorders and diverse
populations®. These cognitive trainings have also shown far-transfer effects,
meaning they not only reduce the biases themselves but also alleviate
associated psychopathological symptoms, such as depression and anxiety”.

Previous evidence supports that CBM-I could be particularly beneficial
for individuals with more severe symptoms. In a recent review of CBM-I,
sample type, and associated baseline symptom level, influenced the effec-
tiveness of CBM-I training”. Related to this, a recent study investigating the
association of different cognitive biases to anxiety and depression™ found
that interpretation biases were superior in predicting both anxiety and
depression symptoms severity, highlighting the potential advantage of
CBM-I in these contexts.

The current study represents an innovative attempt to investigate
several cognitive training methods based on an individual-level synthesized
dataset in the field of anxiety and depression. We must be mindful that the
extensive heterogeneity of the included studies in terms of training char-
acteristics, outcome measures, and populations is a potential limitation. It is
possible that some moderator effects did not emerge due to excessive het-
erogeneity, and that individual differences were obscured by outcome

standardization. However, the study highlights that to pursue large-scale
meta-analytic studies, it is important to develop methods to unify outcome
measures that will facilitate the comparison among studies. Here, we stan-
dardized various questionnaires based on their respective normative data.
An alternative is to establish gold-standard questionnaires for outcome
measures. Efforts to designate questionnaires as common outcome mea-
sures for mental health research have been led by health organizations such
as the Schizophrenia International Research Society’', Wellcome™, and the
International Alliance of Mental Health Research Funders IAMHREF). In
the context of depression and anxiety, the IAMHRF recommends the use of
the patient health questionnaire (PHQ-9), the generalized anxiety disorder
assessment (GAD-7), and the world health organization disability assess-
ment schedule- 2.0 (WHODAS) as standard outcome measures for com-
parison and integration between disorders and efficacy studies™.

Another solution, recently suggested by Perlman and colleagues™, is to
categorize questions into a detailed taxonomy, standardizing responses, and
transforming variables to ensure consistency across studies. For instance,
questions on functional impairment from different questionnaires can be
grouped under the “quality of life” category with a subcategory for “func-
tional impairment”. This approach allows similar questions to be combined
into a unified feature, which can then be used in predictive models or as
standard outcomes. In their study, the researchers synthesized data from
17 studies to create a model predicting differential treatment benefits for six
potential medication options, successfully forecasting treatment efficacy.

Our rich and varied dataset may have posed other limitations. First,
since our groups were composed of individual-level data collected at dif-
ferent sites and using different methodological practices, the distribution of
moderating factors was not always balanced across studies. This is reflected
by differences between the groups (e.g., some training groups contained
more participants with anxiety or depression than other groups), potentially
distorting some of the findings. To minimize group differences, we did not
include potential moderators that were insufficiently represented in all
training groups (e.g., the adaptive nature of the training). Other meta-
analyses have faced similar challenges when analyzing heterogeneous data
with different types of cognitive training interventions. For example, a
recent study' took a different approach by merging five cognitive training
categories into two groups (single-domain training and multi-domain
training) due to insufficient representations for each type of training. This
example highlights the tradeoffs necessary when synthesizing an array of
datasets.

Heterogeneous datasets present significant challenges, including dif-
ficulty harmonizing diverse measures and the increased statistical com-
plexity of identifying moderators within heterogeneous groups. However,
this variability mirrors the real-world diversity inherent in cognitive training
applications, making the findings potentially more robust and widely gen-
eralizable across populations. Addressing such variability is essential for
conducting large-scale, individual-level meta-analyses that can deliver
actionable and broadly applicable insights.

ML provides a powerful advantage by allowing for more robust vali-
dation and testing of models on diverse datasets. One of its inherent
strengths lies in its ability to handle complex associations within the data
that may be camouflaged and remain undetected if conventional statistical
methods are used, thus offering a more nuanced and deeper analysis of
outcomes. By setting aside a portion of the data for testing, ML ensures that
models are validated on unseen data, enhancing their generalizability to
broader populations and outcomes. This rigorous process addresses the
limitations often seen with mixed findings in traditional methods, ensuring
more reliable results across varying settings. Consequently, ML models may
yield stronger, more consistent predictions, particularly in studies involving
heterogeneous settings and complex variables.

Additionally, while SHAP values provided some level of interpret-
ability to the RF results by offering directional insights into the predictions,
they still represent a simplified approach to presenting the complex patterns
and associations detected among the moderators within the RF model.
Future research should take advantage of the recent exciting advances in the
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field of artificial intelligence. These advances promote the development of

explainable artificial intelligence models that are expected to provide more

accurate predictions in addition to revealing possible causal mechanisms.

For an elaborated review and discussion, see refs. 55-57.

The present study provides the first comprehensive ML-based indi-
vidual-level meta-analysis of various cognitive training targeting anxiety
and depression symptoms. Our work addresses the need to detect individual
characteristics that moderate training efficacy by advancing two critical
aims: (1) identifying individual characteristics that predict who may benefit
most from cognitive training, and (2) comparing the efficacy of different
types of cognitive training interventions.

Our study uniquely integrates ML methods to analyze a harmonized,
individual-level dataset compiled from diverse studies, addressing key
limitations associated with data heterogeneity. This study advances the
existing literature in several important ways:

(a) It is the first meta-analysis to comprehensively compare cognitive
function training (e.g, working memory, inhibitory control) and
cognitive bias modification (CBM) approaches (e.g., attention bias
modification, interpretation bias modification) across four distinct
types of training for anxiety and depression symptoms.

(b) By harmonizing data from multiple studies with diverse outcome
measures, we introduce a possible pipeline for managing hetero-
geneous datasets. This methodology offers an applicable framework for
future research facing similar challenges.

(c) While the use of ML to identify individual characteristics that inform
treatment efficacy was previously studied, our application to cognitive
training interventions for anxiety and depression offers a meaningful
and insightful contribution on several levels. Our approach addresses
specific challenges in this domain, such as handling directional effects,
leveraging a large dataset, and aggregating individual-level data. By
identifying both individual- and study-level characteristics that
moderate treatment outcomes, our study provides critical insights
that pave the way for more tailored and effective interventions.
Building on our findings, personalized treatments for anxiety and
depression should prioritize participants’ baseline emotional and
mental health status to improve efficacy and incorporate a greater
number of training sessions to maximize benefits.

Methods

Due to the complexity of our analysis, we began by publishing a detailed,
preregistered protocol®. This protocol describes the methods of data col-
lection, data processing, main and secondary outcomes, potential mod-
erators, and planned analysis, as well as the rationale behind these steps. In
the following section, we provide a summary of our methods.

Data collection

A comprehensive PubMed literature search was conducted, generating 574
articles published from 2013 to 2018, which were reviewed by two experi-
enced team members. The studies were examined for adherence to our
inclusion-exclusion criteria: healthy, sub-clinical, or anxious and depressed
adults between the ages of 18 and 75; targeting one specific cognitive
function (e.g., working memory, attention, interpretation, inhibition); and
including standardized questionnaires as outcome measures. The corre-
sponding authors of the 39 eligible papers were contacted and asked to
contribute their individual-level datasets, stripped of identifying char-
acteristics. We received 22 datasets comprising 1544 participants™”*. All
participants had completed one of the following procedures: working
memory training (5 datasets), attention bias modification training (ABM) (6
datasets), cognitive interpretation bias modification (CBM-I) (5 datasets),
inhibitory control training (6 datasets), or a control condition corre-
sponding to one of these training types.

Standardization of outcome measures
Since each dataset in the study included different questionnaires for out-
come measures, standardizing the scores was necessary to compare

outcomes across studies. To achieve this, we conducted a literature search to
identify healthy population norms (i.e., means and standard deviations) for
each questionnaire. When possible, the country in which the population
norms were collected was matched to the country where each study was
conducted. Standardization was performed by subtracting the population
mean from each participant’s score and dividing it by the standard devia-
tion. This method, which accounted for the varying scales of the different
questionnaires, allowed us to calculate a standardized difference score for
each participant. As a result, all outcome measures were unified into a single
comparable scale, facilitating consistent comparisons. For further discus-
sion on the importance of pre-registered and reliable outcome measures,
see ref. 79.

To evaluate the efficacy of each training, we calculated two outcome
measures for each study:

Main outcome measure

To establish main outcomes prior to analysis, we provided authors with the
following guidelines for selecting a primary outcome measure for each
included study: (1) The variable should be a specific score from a standar-
dized questionnaire related to mental health, emotions, or well-being, and
must have corresponding healthy population norms for comparability; (2)
The chosen variable should align with the primary focus outlined by the
investigators in their original published work. All outcome measures
represent the difference between pre- and post-cognitive training scores on a
standardized questionnaire.

Secondary outcome measure

Secondary outcome scores were calculated by aggregating and averaging
scores on all outcome measures not selected as a main outcome in the
current study (i.e., standardized questionnaires which were collected before
and after the training but were not selected as the main outcome score in the
current study). For each study, standardized outcome scores for all reported
secondary measures were aggregated and averaged to produce a single
outcome score representing the difference between pre- and post-training
(see protocol for further details).

Potential moderators

We examined both individual-level and study-level moderators. The
individual-level moderators included age, gender (male or female), and
baseline standardized main and secondary outcome scores (respective to the
outcome measure used in each analysis). The study-level moderators were
population type (depressed, anxious, or healthy; respective to the inclusion
criteria of the original study), clinical assessment method (clinical assessment
or self-report questionnaire), number of cognitive training sessions, average
number of days between cognitive training sessions, average cognitive
training session duration (in minutes), geographical region (US or interna-
tional), cognitive training location (lab or online), the inclusion of a visual
emotional stimulus (present or absent). Please see the protocol for further
details on each moderator. In a separate analysis not included in the original
protocol, the following clinical individual-level moderators were examined as
well: medication status (whether currently undergoing medications or not),
and type of diagnosis (depression; depression and anxiety; depression and
other conditions; depression and anxiety and other conditions).

Data analysis. Figure 9 shows a summary of the analysis workflow. In
accordance with the pre-registered protocol’, two analyses were con-
ducted. The first analysis sought to identify variables that impact the
efficacy of any form of cognitive training (Aim 1: comparing training vs.
control), whereas the second analysis was aimed at identifying variables
that influence the efficacy of specific types of cognitive training (Aim 2:
comparing different training type groups). A random forest model® (RF)
was applied for each of these analyses, alongside a matched LME model
for Aim 1.

The LME is useful for nesting participants within studies and identi-
fying potential group moderators of outcome (i.e., training vs. control in the
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Fig. 9 | Summary of analysis workflow. A visual
summary of the analysis workflow.
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Each questionnaire’s scores were standardized on a united scale for all
questionnaires, according to the specific questionnaire’s norms
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The prediction accuracy of each model was assessed using MSE values; Feature importance
and SHAP values were employed to estimate the contribution and directionality of the
moderators in the RF models. Based on the constructed model, the optimal group was

predicted for each individual.
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first analysis; different training types in the second analysis) by investigating
the interactions between training groups, study-level moderators, and
individual-level moderators. However, its primary limitation lies in its
assumption of linear relationships and relative simplicity in capturing
interaction effects. ML models like RF offer several advantages. RF models
utilize decision trees to automatically detect and incorporate interactions
between predictors by splitting outcome predictions based on potential
moderators. This approach allows RF to account for complex and non-
linear interactions. ML models can also handle high-dimensional data and
complex relationships without needing strong assumptions about the

underlying distribution of the data. Moreover, ML techniques are more
robust to overfitting and can better handle situations where there are many
potential moderators®'. For Aim 1 (comparing training vs. control), both RF
and LME analyses were performed. LME analysis could not be performed
for Aim 2 (comparing different training type groups) due to complete
multicollinearity between the training type and the study-level moderators,
and therefore only RF analysis was performed for Aim 2. In addition to the
primary analysis of the full dataset, a follow-up unregistered analysis was
conducted to explore Aim 1 and Aim 2 specifically among participants with
a clinical diagnosis. This analysis focused on data from three studies that
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included detailed clinical information, including comorbidity and medica-
tion status®*”. This step was essential to examine whether these clinical
factors influence the effectiveness of cognitive training, particularly for
patients, who represent most mental health care consumers. Due to the
small number of participants in the follow-up analysis, only the LME model
was applied.

For all analyses, the dependent variable was improvement, calculated
as the difference between pre- and post-cognitive training outcome scores.
In line with the pre-registered protocol’, both Aim 1 and Aim 2 were
analyzed twice, first with the standardized main outcome measure and
second with the aggregated and averaged secondary outcome measure.
Preprocessing for analysis of the secondary outcome included only studies
that contained outcome secondary measures in addition to the reported
main outcome.

The models were evaluated by calculating the mean squared error
(MSE) for each analysis. MSE measures the average squared difference
between predicted and actual values, calculated in units of the standard
deviation of the standardized outcome scale, and offers a clear indicator of
model accuracy”.

For the RF-based analysis of the complete dataset, the tuning para-
meters (number of trees, minimum samples split, minimum samples leaf,
maximum features, maximum depth) were selected by applying an 8-fold
cross-validation procedure. The complete range of tuning parameter values
is as follows:

Number of trees: 5, 10, 25, 50, 100, 200, 500, 1000, 1250, 1500

Maximum depth: 2-24.

Minimum samples leaf: 2-14

Minimum samples split: 2-14

Maximum features: 1- total number of possible moderators in each
analysis.

The procedure for selecting the best tuning parameters was conducted
as follows:

1. Given the extensive number of potential combinations of all tuning
parameters, 500 combinations were randomly selected.

2. The final tuning parameters for each of the four models (i.e., separate
analyses for Aim 1 and Aim 2, each applied to both the main and
secondary outcomes) were determined using an 8-fold cross-validation
procedure for each of the randomly selected combinations of tuning
parameters.

3. For each combination, the sample was split into eight folds, with one-
eighth of the sample withheld. The model was trained on the remaining
seven folds and tested on the withheld fold to predict improvement.
The mean square error (MSE) of the prediction was then calculated.
Each combination received eight MSE values in this process.

4. The eight MSE values for each combination were averaged, resulting in
a single cross-validated MSE (CV MSE) per combination. The
combination with the lowest CV MSE was selected for each model.

For each model, the sample was randomly split into a training set (70%
of the data) and a validation set (30% of the data), and the final prediction
was conducted on the validation set with the optimal tuning parameters.
Feature importance and Shapley Additive Explanations (SHAP) values were
calculated for each model. Feature importance indicates the relative con-
tribution of each moderator to the prediction®, highlighting the individual
and study-level characteristics that impact training efficacy. SHAP values
provide insight into how and in what direction these moderators influence
predictions, enhancing model interpretability and transparency. Features
with positive SHAP values contribute positively to the outcome, while those
with negative SHAP values have a negative effect™.

Additionally, to determine the optimal training group for each parti-
cipant, we calculated the expected gain (i.e., predicted improvement score)
for both scenarios: being assigned to either the cognitive training or control
group for Aim 1, and to one of the training groups for Aim 2 (i.e., working
memory training, ABM, CBM-], or inhibitory control training). Selecting
the optimal group was done by using the RF model already trained and

tested on the full data set. For each participant, the expected gain was
predicted separately for each optional group assignment, and the group with
the highest predicted gain was selected.

For the LME analysis of the complete data set, we constructed two
models, to identify the model with the best predictive performance. The first
was a minimal model that included only the fixed effect of training type
(training vs. control for Aim 1, and training group type for Aim 2) and the
random effect of the specific study (random slope). The second was a
maximal model, incorporating three-way interactions between training
type, study-level moderators, and individual-level moderators, along with
the random effect of the specific study.

Equation (1) is the equation for the minimal model:

Gainy = f, + B - TrainingGroup + b, - Study, + €;

Equation (2) is the equation for the maximal model:
Gainy = B, + p - TrainingGroup + Z Z[J’ijminingGroup - SLM,
ko j
ALM; + b - Study, + ¢;

Where “gain” is the difference between pre-and post-training outcome
scores, “i” is an observation in study “I”, the sigma represents all the possible
three-way interactions, and SLM and ILM represent study-level moderators
and individual-level moderators, accordingly.

After constructing these models, a backward-stepwise regression using
Akaike Information Criterion (AIC) was conducted to detect the optimal
sub-model between the maximal and minimal models (i.e., the model with
the highest number of variables included without leading to overfitting).
This regression uses a data-driven stepwise selection process whereby
variables are iteratively removed based on AIC, a metric that balances model
fit and complexity by penalizing models with more variables to avoid
overfitting”. This regression method was chosen because it closely resem-
bles the process used in the RF analysis, where all variables are initially
included and interactions are determined based on the data. Both approa-
ches focus on data-driven variable selection and interaction discovery,
making them similar in their handling of model complexity and feature
importance. After identifying the optimal model, it was trained on 70% of
the data and tested on the remaining 30% withheld validation set, following
a procedure similar to that used in the RF analysis. See Supplementary
Tables 1, 2, and 3 for the results of the LME analysis of the complete data set.

For the clinical data set, LME analysis was the only feasible option due
to the lower number of participants. A different approach from the previous
LME analysis of the full data set was necessary to prevent multicollinearity
caused by the inclusion of too many moderators and interactions. The
moderators included in this analysis were age, gender, medication status,
type of diagnosis, training group (training vs. control for Aim 1; type of
training for Aim 2), number of sessions, and baseline score (for the main or
secondary outcome, in the main or secondary outcome analyses, respec-
tively). The raw data on which this analysis was conducted included par-
ticipants who took part in ABM (training or control), CBM (training or
control), or a passive control group. All participants had a diagnosis of
depression, with or without comorbidity.

First, a model with all moderators was constructed and then estimated.
Afterward, all non-significant interactions were removed, and the model
was estimated again with only the significant interactions. Multiple com-
parisons were subsequently performed to explore the effects further, using a
Bonferroni correction and a significance threshold of p < 0.05.

The RF-based models were constructed using Python software version
3.8 The LME models were constructed using R software version 4.2.2.

Data availability

The data that support the findings of this study are not yet publicly available
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