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Abstract

Social media text data are often used to train
Machine Learning (ML) models to identify
users exhibiting high-risk mental health behav-
iors. However, sharing this sensitive data poses
privacy risks and limits the growth of bench-
mark datasets. We comprehensively evaluate
whether privacy-preserving ML techniques can
enable safer data sharing while preserving
performance. Specifically, we apply federated
learning (FL) and Differentially Private FL for
two widely-studied mental health prediction
tasks: depression detection on X (Twitter) and
suicide crisis detection on Reddit. We simulate
realistic data-sharing scenarios by treating each
user as a client in a non-IID setting, evaluat-
ing across different client fractions, aggrega-
tion strategies, and privacy budgets. While FL
achieves comparable performance to central-
ized training (centralized F1 = 85.63; best FL.
model F1 = 83.16) on depression identifica-
tion, we find that Differentially Private FL has
a large performance-privacy trade-off (up to
F1 = 27.01 drop) even with low levels of noise
(€ = 50). This is due to the distortion of highly
informative yet sparse mental health linguis-
tic markers related to mental health, like health
topics and emotion words. This research empiri-
cally demonstrates the potential and limitations
of current privacy preservation techniques for
mental health inference tasks.

1 Introduction

In the last decade, social media has emerged as
an important source of data for predicting mental
health conditions (De Choudhury and De, 2014;
Yang et al., 2024) such as early detection of many
mental illnesses (Coppersmith et al., 2016; Ben-
ton et al., 2017), inference about support in online
communities (Pendse et al., 2019), and crisis in-
terventions (Teague et al., 2022). Approaches to
these tasks have explored the use of data across
modalities, including text, visual data, and interac-
tion/engagement metadata (Lin et al., 2020, 2017).

Stigma and risk management around mental health
disclosures inhibit honest disclosure online, and
data can be difficult to source (Chancellor et al.,
2023; Fiesler and Proferes, 2018). Yet, data which
contains personal information, particularly as it
pertains to healthcare is protected data, and is reg-
ulated in the European Union and United King-
dom (European Parliament and Council of the Eu-
ropean Union; ICO, 2024). Such privacy concerns
apply in research as well: a vast majority of users
in public mental health datasets are not properly
de-identified (Ayers et al., 2018).

Data protection protocols like Ethics Review
Boards and Data Use Agreements help protect user
data, but shift responsibility onto data controllers,
and present institutional barriers to researchers who
do not have access to institutional review (Zirikly
et al., 2019; Shing et al., 2018a; Coppersmith et al.,
2015). This also makes lapses in enforcement risks,
exposing sensitive user data. Thus, benchmark
datasets in this area are hard to find and can be
small (Chancellor and De Choudhury, 2020), limit-
ing the growth of benchmark datasets. Yet methods
for ensuring the privacy of users’ data in this do-
main are vital but remain under-explored.

In this work, we comprehensively evaluate two
data privacy strategies for the most common tasks
in mental health inference in English: depression
detection on X (Twitter) and suicidal thought and
behavior (STB) detection on Reddit. First, we
evaluate Federated Learning (FL), where a global
model is trained by distributing computation onto
client devices, which train the model locally and
send parameter updates, rather than raw data (i.e.,
text) to the global model. However, while FL can
provide additional layers of privacy compared to
centralized learning, it does not provide guaran-
tees of privacy. Thus, we evaluate the combination
of FL with differential privacy (DP) to study the
utility-privacy tradeoffs. DP adds calibrated noise
to limit inferences about individual users.



We find that the Federated setting is promising
for these prediction tasks in both performance loss
and efficiency; however, adding DP to FL creates
an untenable utility-privacy tradeoff due to distor-
tions of important yet sparse linguistic features.
For FL, there are no statistically significant differ-
ences in performance between FL and centralized
model; FL. models also require less data to obtain
comparable performance. However, in comparison
to the federated setting, the DP-FL models result
in a large performance-privacy trade-off (F1=27.01
drop) even with low levels of noise (€ = 50).

Our results suggest that FL is a viable option;
however, mathematically ensuring privacy using
DP may not be practical due to significant perfor-
mance drops and the negative impact of errors in
mental health inference.

2 Related Work

Mental Health Prediction. ML has been ap-
plied to mental health prediction from social me-
dia to identifyhigh-risk mental health behaviors
and disorders. ML techniques have been used to
predict behaviors and disorders at a post or user
level (AlSagri and Ykhlef, 2020; Aldarwish and
Ahmad, 2017; Islam et al., 2018; Govindasamy
and Palanichamy, 2021). These methods rely on
data across different modalities such as text, visual
data, and interaction/engagement metadata (Lin
et al., 2020, 2017), and have recently explored
language models pre-trained on mental health cor-
pus (Ji et al., 2021, 2023). These works rely on a
centralized training approach, where users’ mental
health disclosure data is shared with researchers or
scraped and labeled from social media.

Federated Learning. Federated learning is a de-
centralized training mechanism for machine learn-
ing where client (edge) devices collaboratively
train a shared global model (Li et al., 2020a; McMa-
han et al., 2016) while avoiding the transfer of raw
data (e.g., text). Within the FL training paradigm,
clients contribute to training the global model by
first receiving a copy of the model, which is then
trained on locally on the client device on locally
held data. Finally, clients share the local model
updates with the global server (McMahan et al.,
2016). The collected updates are then aggregated
using algorithms such as Federated Averaging (Fe-
dAvg, McMabhan et al., 2017), FedProx (Li et al.,
2020b), FedOPT (Reddi et al., 2020).

Federated learning has been applied in men-

tal health domains with similar risks from differ-
ent data sources. Khalil et al. (2024) surveyed 16
papers on federated learning within psychiatric
tasks, the most common being depression detec-
tion, specifically used to predict durations of hospi-
talization using Electronic Health Records (Pfohl
et al., 2019), detect depression using wearable sen-
sors (Aminifar et al.; Wang et al., 2024; Gupta et al.,
2024), or self-reported assessment data sources
(Kuang et al., 2025). Others used mobile device
data (keystrokes and accelerometer values) and
clinical surveys to predict mood, and found that
training on the IID setting yields better perfor-
mance (Xu et al., 2021).

Using social media as a data source, federated
approaches to mental health detection have also
been explored (Vasconcelos et al., 2023; Basu et al.,
2021; Liu, 2024; Ji et al., 2019). However, prior
work has either focused on either IID settings or
classifying individual posts. For instance, Vascon-
celos et al. (2023) applied a federated approach
to the eRisk depression dataset to predict whether
a post is labeled as depression or control. Basu
et al. (2021) explored federated settings in both IID
and non-IID data distribution using BERT-based
models to predict depression and sexual harass-
ment posts. Liu (2024) uses federated learning on
cross-platform and multilingual social media data
to predict depression. Finally, Ji et al. (2019) trains
a federated CNN and LSTM classifiers and pro-
poses an advanced optimization scheme for data
protection learning framework (AvgDiffLDP) for
predicting suicidal ideation on Reddit in an IID
setting. Data privacy concerns are underexplored
in these domains in a few ways. First, these works
lack evaluating data privacy considerations holis-
tically (e.g., modeling the tradeoffs between pri-
vacy preservation and performance across various
client fractions and aggregation algorithms). Sec-
ond, most of these approaches do not use a natural-
istic non-1ID setting of FL representing each user
with their post history as a separate client.

Differential Privacy. While federated learning
affords an additional layer of data protection com-
pared to centralized training, which requires shar-
ing raw data, differential privacy is a mechanism
for obtaining privacy through the addition of cal-
ibrated noise to the training process (Shan et al.,
2024). The addition of the calibrated noise seeks
to mitigate the identification of any individual data
point while maintaining global aggregates and pat-



terns, which can be used for training models under
mathematical guarantees of privacy. Thus, where
federated learning affords privacy of data by not
sharing raw data, differential privacy maintains pri-
vacy by adding noise to each data point, and can be
used independently of federated settings.

Prior work at the intersection of federated learn-
ing and differential privacy has investigated differ-
ent aspects of machine learning for mental health.
Basu et al. (2021) have examined the identification
of sexual harassment and depression in individual
posts; they found that utility degradation is higher
in a non-IID than an IID setting, and noise addition
has more effect when training on a small dataset
size. Recently, Sarwar and Dipta (2025) applied
DP fine-tuning exclusively to Low-Rank Adapta-
tion (Hu et al., 2021) to reduce communication and
memory consumption.

3 Experimental Setup

3.1 Datasets

We selected benchmark datasets for high-risk be-
haviors and disorders, specifically depression and
suicidality, from the most popular tasks in MH in-
ference, from X and Reddit. We focus on user-level
prediction from users’ historical posts from five
relevant datasets. These disorders, datasets, and
platforms have been examined in prior work (Chan-
cellor and De Choudhury, 2020).

Disorder Classes Train Validation Test
D . Treatment 1,844 263 528
CPIESSION  Control 2,123 303 608
Suicide Treatment 597 85 171
Control 534 76 153

Table 1: Datasets used in our experiments.

3.1.1 Depression

‘We used three datasets from X, as about 50% of
datasets for detecting depression rely on X (Ald-
kheel and Zhou, 2024). These datasets provide user
post histories that enable user-level predictions and
are collected using keywords and phrases that dis-
close depression, such as “(I'm/Iwas/Iam/I’ve
been) diagnosed with depression.”

CLPsych. CLPsych was released with the 2015
CLPsych Shared Task for Depression (Copper-
smith et al., 2015). The data is split into treatment
(i.e., users who self-disclose diagnoses) and a con-
trol group. It is manually annotated to verify the

authenticity of the disclosures. The dataset con-
tains up to 3,000 posts for each user, with the self-
disclosure posts removed. We use 477 users labeled
as Depression, and the 871 control users who do
not disclose depression.

MTL-D. The Multitask Learning-Depression
(MTL-D) dataset (Shen et al., 2017) contains one
month of user post history for 1,840 users labeled
as depressed and 1,840 labeled as control users.
The posts in the dataset contain images and textual
data. In our work, we make use of the textual data.

CCD. The Cross-Cultural Depression (CCD)
dataset (Abdelkadir et al., 2024) contains up to
3,200 posts for 267 users labeled as treatment (i.e.,
depressed) and 264 labeled as control users. This
dataset is manually annotated and samples from
seven English-speaking countries that are cultur-
ally and geographically diverse.

3.1.2 Suicidal Thoughts and Behaviors (STB)

Reddit has emerged as the predominant data source
for ML for identifying suicidal thoughts and be-
haviors. There are dedicated mental health-support
subreddits about this topic, such as r/SuicideWatch,
r/selfharm, and r/StopSelfHarm. These subreddits
can offer insight into the language of users who
display STB and of those who present a high risk
of engaging in suicidal behaviors.

Following prior work (Chancellor and De Choud-
hury, 2020; Shing et al., 2018b), we split users into
treatment (at-risk users) and control groups (very
low or no risk users).

C-SSRS. The Columbia Suicide Severity Rating
Scale dataset (C-SSRS) dataset (Gaur et al., 2019)
was constructed for predicting suicide risk by cate-
gorizing users from mental health fora on Reddit
into five groups following the C-SSRS, ranging
from least to most concerning: supportive (110
users), indicator (100 users), ideation (170 users),
behavior (75 users), and attempt (45 users). In our
work, we group users labeled as ideation, behavior,
and attempt as our treatment group of STB (290
users), and supportive and indicator (210 users) as
our control group.

UMD-RD. The UMD Reddit Suicidality dataset
(UMD-RD) dataset (Shing et al., 2018a, 2020) is
manually labeled to verify that they exhibit genuine
STB using four levels of suicide risk: No Risk,
Low Risk, Moderate Risk, and Severe Risk. The
control group consists of users who did not post



in any mental health-related subreddits while the
treatment group are sampled from users who have
posted to the /SuicideWatch subreddit. We group
users with Moderate (256) and Severe (302) Risk
into our treatment group (358 users), and users
labeled as No Risk (195) and Low Risk (113) into
our control group (308 users).

3.2 Preprocessing

We combine the three datasets for identifying de-
pression and the two datasets for identifying STB
into a depression dataset and an STB dataset, re-
spectively. We then perform a stratified split of the
combined datasets into training (70%), validation
(10%), and test (20%) sets.! See Table 1 for sum-
maries of the dataset splits. We then preprocess
the datasets to remove retweet tokens, username
mentions, URLs, and numeric values, and expand
English word contractions.

3.3 Models

We conducted our experiments with one linear and
six transformer-based pre-trained models. Our
linear model is a Logistic Regression, chosen
for its quick training time, competitive perfor-
mance, and interpretable predictions (Benton et al.,
2017; Jiang et al., 2018; Harrigian et al., 2020).
For the transformer-based models, we use the
general-purpose architectures BERT (Kenton and
Toutanova, 2019) and RoBERTa (Liu, 2019), and
their distilled counterparts: DistilBert and Dis-
tilRoBERTa (Sanh, 2019), as these models have
been used for classification tasks (Aftan and Shah,
2023). Following recent work, we also experiment
with two mental health-specific models: Mental-
BERT (Ji et al., 2021), which has been trained on
~13 million sentences from Reddit subreddits for
discussing depression, anxiety, and suicide topics;
and MentalLongformer (Ji et al., 2023), which is
optimized for longer token sequences..

For all transformer-based models, we replace the
pre-trained head of the transformer models with
a randomly initialized classification head prior to
conducting the training. We train the Logistic Re-
gression model and fine-tune the transformer-based
models to classify users as depression or control,
and STB or control, respectively, based on their
post history. We do not experiment with zero-shot
settings for two reasons. First, a zero-shot setting
requires transmitting data to a centralized server,

"We include validation and test splits into the training set,
for datasets in which they are separated.

thereby foregoing preservation of privacy. Second,
prior work reports sub-par performance in zero-
shot settings for the mental health domain (see e.g,
Yang et al., 2023).

3.4 Training Schema

Next, we discuss the centralized and federated
learning approach applied to our experiments, ap-
plied to the seven models above.

3.4.1 Standardized/Centralized Approach

The centralized setting serves as a baseline. This
standard ML approach requires datasets and mod-
els to be located in the same location, or on a sin-
gle server. For all transformer-based models, we
replace the pre-trained heads with randomly ini-
tialized classification heads. We train our models
for 50 epochs and set early stopping to 5 epochs.
Please refer to Appendix A.2 for further details on
model setup and hyperparameters.

3.4.2 Federated Learning Approach

For FL, we conceptualize client devices as individ-
ual users in the datasets. Our setup implies that the
labels are not uniformly distributed across clients.
However, the number of clients in the control and
treatment groups is balanced. Moreover, the user
histories that are available vary across clients (see
depression (Figures 2 and 3) and STB (Figures 4
and 5) in Appendix A.1). Thus, our models are not
trained on independent and identically distributed
(IID) data. Prior work (e.g., Gandhi et al., 2022;
Xu et al., 2021) has found that IID setups result in
higher performances than non-IID setups for fed-
erated learning. This affords a realistic use case,
in which a person accessing healthcare or using
social media for well-being enrolls in a monitoring
system, or a user consents to share their data with
a research team.

Training. We train our models for 100 rounds on
the server and train clients for 50 epochs per round.
That is, we perform 100 rounds of retrieving client
updates and aggregate them on the server, and we
train each client model for 50 epochs in each round.
We experiment with four different client fractions
(c=10,30, 50, and 70), which represent the percent-
age of client devices/users included in the aggrega-
tion step on the server in each round (i.e., at ¢ = 10,
10% of all clients are randomly sampled for the
inclusion of their updates in the global model).>

2Selecting clients for inclusion in the aggregation step on
the server is an open research area with different benefits



We set the client learning rate to 4e — 5 and the
server learning rate to le — 3. See Appendix A.2
for full experimental details.

We experiment with three different aggregation
algorithms: FedAvg, FedProx, and FedOPT. Fe-
dAvg is a common aggregation algorithm and
serves as our baseline federated method, taking
the weighted average of the received client updates.
FedProx and FedOPT address issues of slow con-
vergence with the FedAvg algorithm (Moshawrab
et al., 2023). FedProx addresses the poor suitabil-
ity of FedAvg for heterogeneous data situations by
adding a proximal term, while FedOPT introduces
separate optimizers for client and server models to
introduce adaptive optimizers to federated learning.

In our experiments, we set the proximal constant
1 = 0.01 for FedProx and apply a server optimizer
for FedOPT. All other hyperparameters are shared
across the three algorithms.

3.5 Differentially Private FL

For our differentially private FL. (DP-FL) setup,
we implement a client-level DP mechanism. Each
client trains a model locally and computes the
model update in the traditional federated learning
setup. Prior to transmitting the update vector from
client to server, we apply an £,-norm clipping to the
update vector and add calibrated Gaussian noise.
This is adaptively scaled as a factor of the train-
ing round. Next, on the server, we evaluate the
resulting utility-privacy trade-off across different
privacy budgets (€, 5=1e — 5), where the total accu-
mulated privacy loss is tracked in each round (see
Appendix A.2 for further experimental details). We
used the best-performing models and hyperparame-
ters from the traditional FL setting as our baseline.
Specifically, we fine-tune a BERT model for the
depression identification task using the FedProx ag-
gregation methods. To investigate whether a change
in the pre-trained model, aggregation algorithm, or
the inference task affects the differentially private
FL, we conduct additional experiments utilizing
MenatlBERT as a model, FedAvg aggregation algo-
rithm across both prediction tasks (depression and
suicidal thoughts and behaviors). The primary goal
of this investigation is to provide a comprehensive
feasibility study of DP-FL under these conditions.
To ensure the reliability of our findings, we con-
ducted stability analyses for representative models

and drawbacks to each aggregation method (Fu et al., 2023;
Gouissem et al., 2024).

across all settings. We report 95% Confidence In-
tervals (CIs) calculated over five random seeds for
these representative configurations in the central-
ized, standard FL, and DP-FL settings.

4 Results

We evaluate the performance of our models using
the F1 score and recall. The best-performing model
for both depression detection (F1 = 85.63, see Ta-
ble 2) and suicidal ideation (F1 = 85.44, see Ta-
ble 3) is the centralized MentalL.ongformer model,
which has been pretrained on mental health subred-
dits. In the standard federated setting (without dif-
ferential privacy), models achieved competitive per-
formance: MentalLongformer using only 10% of
client fractions reached F1 = 83.16 for depression
(Table 2), and MentalBERT using 50% of client
fractions reached F1 = 84.09 for suicidal ideation
(Table 3). This suggests that beyond privacy preser-
vation, federated learning offers a computation-
ally efficient alternative to centralized training. We
present detailed findings for depression identifica-
tion (Section 4.1), suicidal thoughts and behaviors
(Section 4.2), data efficiency (Section 4.3), the ef-
fect of differential privacy (Section 4.4), and an
analysis of the resulting privacy-utility trade-off
due to differential privacy (Section 5).

4.1 Depression Analysis

Federated approaches perform similarly to the cen-
tralized training approach for depression detection
(see Table 2). While there is minimal drop in per-
formance for federated models, the decrease is not
statistically significant (p = 0.21875, a = 0.05 us-
ing the Wilcoxon signed-rank test). The largest
performance difference between federated and cen-
tralized models is 4.61 point drop in F1 score by
the Logistic Regression classifier. For transformer
models, the largest performance drop of federated
models is 2.47 point drop in F1 score. There are
also models for which the federated settings out-
performed the centralized setting. Specifically for
MentalBERT, DistilBERT, and DistilRoBERTa we
see small performance gains between 0.26 and 0.66
points in F1-score. See Tables 7 to 9 in Appendix B
for full results.

4.2 STB Analysis

For identifying users with STB, federated mod-
els sometimes outperform their centralized coun-
terparts (see Table 3). For instance, the feder-
ated Logistic Regression model (5.50 points in F1



Model Centralized Federated
Recall F1 Recall Fl1

Logistic Regression ~ 73.59  73.67 69.03  69.06
MentalBERT 7694 7674 7125 77.08
MentalLongformer  85.82 85.63 8299 83.16
BERT 7873 7886 77.62 71.57
RoBERTa 79.26 79.03 76.85 76.83
DistilBERT 76.71 7676 7133 77.42
DistilIRoBERTa 79.32 7947 79.63 79.73

Table 2: Depression models comparing the centralized
approach vs the best performing federated setting.

score) and federated Mental BERT (4.12 points in
F1 score) outperform their centralized counterparts.
Indeed, for three models for identifying STB, mod-
els trained using the federated approach outperform
the centralized models. While this is encouraging
for federated models for identifying STB, our anal-
ysis indicates no statistically significant differences
between performances (p = 0.6875, a = 0.05 via
Wilcoxon signed-rank test). See full results in Ta-
bles 10 to 12 in Appendix B.

Model Centralized Federated
Recall F1 Recall F1

Logistic Regression ~ 60.50  59.62  65.24  65.12
MentalBERT 79.84 7997 8395 84.09
MentalLongformer 8543 8544 8156 81.73
BERT 81.48 81.60 82.65 82.80
RoBERTa 82.59 82.63 8151 81.62
DistilBERT 7922 7935 77.81 7175
DistilRoBERTa 81.15 81.27 81.63 81.79

Table 3: Suicide models comparing the centralized ap-
proach vs the best performing federated setting.

4.3 Efficiency Analysis for FL

We further find that in some instances, federated
models compete with centralized models while us-
ing only 10 — 50% of the total available data. Com-
paring the different aggregation algorithms trained
on different client fractions with the centralized
approach, we observe that training on 10% offers
the best performance. For instance, see Mental-
BERT and DistilRoBERTa trained only on 10% of
the data outperforms the centralized approach and
other trainings on larger client fractions in the de-
pression and STBs identification cases (see Table
8 and 11 in Appendix B). Increasing the client

fraction does not correspond to a significant perfor-
mance increase in either F1 or recall.

Similar to Gala et al. (2023), we argue that data
efficiency gains may be due to the selected clients
being a representative sample of the overall data.
Client selection can, therefore, constitute an inter-
esting area for future work.

4.4 Differentially Private FL

Our experiments with the DP-FL setting show a
large utility drop of 27.01 F1 (Flp, = 77.57 —
Flp;_pp = 50.56) for depression identification,
where €=50 and ¢=0.7 (see Table 4 and Figure 1).
As the strength of the privacy increases with lower
values of €, the performance further degrades. For
a strong privacy budget (¢ = 5), the drop is even
more significant (F1 = 34.86). In line with prior
work, e.g., Tramer and Boneh (2020), we find that
smaller client fractions result in larger drops in util-
ity, thereby negating data efficiency benefits of the
pure FL setup. Further, such large drops in utility
challenge the viability of the DP-FL setting com-
pared to centralized and federated settings. We
found similar trends in the STB task (Table 5).

Privacy Budget Client Frac. 10%  Client Frac. 70%
(e) Recall F1 Recall F1

1 50.00 34.86 50.00 34.86

5 50.00 31.73 50.00 34.86
10 50.00 34.86 49.12 38.57
50 50.33 39.67 54.34 50.56
100 49.27 49.03 67.83 67.97

Table 4: DP-FL performance across different privacy
budgets and client fractions. Larger client fractions
improve the DP utility-privacy trade-off.

Privacy Budget Client Frac. 10%  Client Frac. 70%

(e) Recall F1 Recall F1

1 50.00 34.55 50.00 32.07
5 50.00 34.55 50.00 32.07
10 45.35 32.08 50.00 30.91
50 46.34 46.28 66.25 65.58
100 47.11 34.35 70.02 69.07

Table 5: Suicidal Thoughts and Behaviors—DP-FL per-
formance across privacy budgets and client fractions.

To better understand whether this privacy-utility
drop-off introduced when applying DP-FL is an
artifact of the model, aggregation selection, or the
task, we discuss our experimental findings on differ-
ent settings on 95% confidence intervals over 5 ran-
dom seeds. The results show a large utility-privacy



trade-off regardless of model or aggregation choice.
For instance, for depression identification, Men-
talBERT with FedAvg achieves F1 = 0.3361 %
0.0207 (¢ = 10, ¢ = 0.1) and 0.4599 + 0.0287
(e = 100, ¢ = 0.1), comparable to BERT with
FedOpt F1 = 0.3361 + 0.0172 (¢ = 10, ¢ = 0.1),
despite changing both the model architecture and
aggregation algorithm. Similarly, for STB iden-
tification, Mental BERT achieves 0.3798 + 0.0628
(e = 10, ¢ = 0.1) and 0.3915 + 0.0215 (e = 100,
¢ = 100). Both results remain far below standard
FL (F1 = 70.96 STB; 76.85 depression). Those
findings show the trade-off is not an artifact of the
model, aggregation selection, or task.

Performance drops are generally expected when
striving to achieve mathematical guarantees for pri-
vacy. Better convergence performance leads to
lower levels of privacy protection (Wei et al., 2020).
For example, Wei et al. (2020) find that there can
be up to a 20% accuracy drop when privacy guar-
antees are increased. This significant drop in per-
formance can be associated with the limited data,
which is a common issue in the social media mental
health detection domain. In settings with limited
data, low levels of noise can distort the model train-
ing in DP settings (Tramer and Boneh, 2020; Jana
and Biemann, 2021). Similarly, although our non-
IID setup is more realistic, it may also be a factor
in the utility drop for DP-FL (Basu et al., 2021).

4.5 Stability and Variance Analysis

To assess the reliability of our results, we con-
ducted stability analyses across five random seeds
for representative models in each experimental
setting (see Table 6). From the sample of exper-
iments conducted, we find that variance remains
low in the centralized and standard FL settings
(e.g., SD + 0.0102 for MentalBERT or SD + 0.0298
for DistilBERT). These variance intervals support
the reliability of our single-run centralized and
standard federated setting results. However, in the
DP-FL setting, we observe increased instability
(8D £0.0758 for BERT at ¢ = 0.7), highlighting the
trade-off between privacy guarantees and model
training stability in such sensitive mental health
inference tasks from social media.

5 Privacy-Utility Trade-off

To understand the performance drops in the DP-FL.
setting, we conduct two mixed-method analyses
for depression detection.

Setting Model Task F1(u+o0)

Centralized MentalBERT STB 0.8271 4+ 0.0102
Centralized BERT STB 0.8113 £+ 0.0190
Standard FL  DistilBERT 07 Depression 0.7617 + 0.0298
Standard FL* BERT.—( 7 STB 0.6703 + 0.0420
DP-FL* BERT.0 | STB 0.3310 + 0.0140
DP-FL BERT.; STB 0.4134 + 0.0758
DP-FL* BERT. | STB 0.4246 + 0.0641
DP-FL* BERT.— 7 STB 0.6849 + 0.0429

Table 6: Stability analysis across five random seeds. ¢
denotes client fraction. “FedAvg. FedOPT aggregation
is used for the rest. Te = 10, ¥e = 100. y + ¢ denotes
Mean + SD. Standard and Centralized settings show
some stability, while DP-FL introduces higher variance.
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Figure 1: Utility-privacy trade-off for different client
fractions and privacy budgets for depression detection.

5.1 Stronger Privacy Distorts Sparse
Depression Linguistic Markers

In the context of DP-FL, model performance de-
teriorates privacy guarantees increase, i.e., by de-
creasing values of € (see Tables 4 and 5). While we
expect performance drops when applying privacy-
preserving mechanisms, the performance drops we
observe with DP-FL are larger than expected. One
potential explanation is that the noise distorts im-
portant linguistic markers of mental illness.

Method. To evaluate why performance is drop-
ping substantially, we compare three models
trained at different privacy budgets while control-
ling all other hyperparameters. We compare (€ = 10,
50, 100), where a higher epsilon indicates lower pri-
vacy protections. In the DP-FL setting, these three
models vary in performance (f1=49.12, f1=54.34,
f1=67.97), respectively. We extracted top features
using SHAP (SHapley Additive exPlanations) and
qualitatively analyzed important features. Given
the importance of socio-linguistic cues in mental



health prediction, we also conducted LIWC analy-
sis (Pennebaker et al., 2015) on the top 50 features
to identify psychological and emotional markers
learned at different privacy budgets.

Result. We find that increased noise does dis-
tort important markers for depression and rele-
vant linguistic cues related to mental health. The
model with the weakest privacy guarantees (e=100,
F1=67.97), which is the best performing DP model,
correctly learns 16% of the top 50 keywords as
pertinent, half of which are health-related key-
words (e.g., “tumor”, “prescribed”, “aching”, “in-
termittent”) and the other half related to negative
emotions (e.g., “witnessed”, “vanish”). The LIWC-
based analysis further confirms this; we find health,
social/work, and religion-related terms that are all
potential indicators of depression.

In contrast, with stronger privacy guarantees
(€ =50, F1 = 54.34), features learned by the model
are irrelevant terms and patterns. For example, 22%
are generic keywords (e.g., “premise”, “tradition-
ally”, “confluence”) and 8% are entertainment-
related (e.g., “Eurovision”, “maverick”) keywords.
In our LIWC analysis, we find that there is minimal
inclusion of keywords related to affect, negative
emotion, or keywords related to health.

The model trained with the strongest privacy
guarantees (¢ = 10, F1 = 49.12) identifies key-
words related to random topics (e.g., “Egypt”, “pen-
guins”, “witchcraft””) which is supported by our
LIWC-based analysis, in which we find the oc-
currence of LWIC categories such as percept/see
(e.g., term: graphics), affect (e.g., term: magnifi-
cent), drives/power/work (e.g., term: governments)
— which may not be direct indicators of depression.
Across our three settings, we thus find a clear trend:
the stronger the privacy guarantees and the stronger
the noise distortion, the more models rely on ir-
relevant words for prediction. This supports our
hypothesis that the performance drops in DP-FL
may be caused by models not learning important
mental health-related keywords due to noise dis-
rupting the sparse linguistic signals that are critical
for this task.

5.2 Smaller Client Fractions Impacted with
Low Noise

Our findings indicate that smaller client fractions
reduce the DP-FL performance, the opposite of
standard FL, which improved data efficiency when
trained on lower client fractions. We therefore ana-

lyze the impact of noise on models with different
client fractions to validate our hypothesis that small
amounts of noise can produce large performance
disparities by distorting sparse, yet critical cues.

Method. We compare models with different
client fractions (¢ = {0.1,0.7}) with fixed e val-
ues, and use SHAP and LIWC to analyze how the
relationship between client fraction and privacy
guarantees impacts learning markers of depression.

Result. We find that smaller client fractions are
particularly susceptible to noise, severely distort-
ing markers of depression. At ¢ = 0.1 and € = 100,
the few depression markers are distorted in the
training data, and the model relies primarily on
irrelevant terms (e.g., “Egypt”, “witchcraft”, “pen-
guins”, “ethanol”, “fresco”) and a small set of gen-
uine depression markers (e.g., “withdrawal”, “re-
straint”, “escalated”) for classification. The iden-
tified LIWC categories in this low client fraction
include percept/see (e.g., scans), relative/motion
(e.g., removal), relative/space (e.g., eastwood, en-
vironments) — all of which are potentially irrele-
vant markers of depression. While at ¢ = 0.7 and
€ = 100, the top features include more markers of
mental health conditions (e.g., health or bio terms:
tumor, prescribed, intermittent; and social/work:
advising, and religion: pilgirm). Thus, we find that
in considering the relationship between noise and
classification for mental health conditions, we must
take into account noise introduced, client fractions,

and the density of relevant terms to our task.

6 Implications

We find that there is no statistical difference be-
tween models trained in centralized settings, which
ensure no data privacy, and models trained using
FL, which protect raw user data. However, our
findings also show that differentially private FL
results in a large utility drop when trying to mathe-
matically guarantee privacy. Our findings indicate
that FL can be a viable candidate for for the iden-
tification of high-risk behaviors, specifically the
identification of people with depression and people
who communicate suicidal ideation. In contrast,
adding noise to mathematically ensure privacy may
not be a viable option, as adding noise has a large
impact on model utility, and the negative impact
of errors in mental health inference. Our findings
have several implications.

First, our setup approximates a realistic, real-



world setting by maintaining a non-identical data
distribution, i.e., the token distributions (see Ap-
pendix A.1). Although IID data distribution across
clients is common for FL research (e.g., Ji et al.,
2019; Gala et al., 2023; Gandhi et al., 2022), creat-
ing IID settings would result in discarding relevant
data, collecting multiple users on each client, or
other bootstrapping approaches to ensure balanced
datasets. Next, we consider two future implications
of more private ML techniques for this tasks.

Data Privacy and Dataset Sharing for Institu-
tions: Privacy concerns prevent researchers (es-
pecially those without access to institutional review
boards) from developing, accessing, and sharing
mental health datasets. Our results indicate space
for privacy-preserving approaches to data sharing,
which can help address the privacy risks of sharing
datasets. We consider the implications of this.
Researchers might build infrastructures that af-
ford federated training approaches for datasets that
are usually not shared due to ethics board restric-
tions. This approach leverages the client-server
model of FL — it allows institutions to retain control
over local data and how it is shared while enabling
other researchers to develop new predictive models
for identifying high-risk behaviors and disorders.
We are excited by the opportunity for future work.

Promoting More Consentful and User-Driven
Data Sharing: Finally, we consider how re-
searchers and practitioners may engineer more con-
sentful and user-driven data sharing. Indeed, a ma-
jor concern in ML and mental health research is the
lack of explicit consent given by the data subjects
for model training. Pendse et al. (2024) and Ajmani
et al. (2024) discuss these concerns and suggest di-
rect consent from users can be solicited to address
this problem. However, centralized consent mod-
els are infeasible for a single institution to manage
or gain for large datasets, and centralized ML in-
frastructure needs large datasets to demonstrate its
prediction efficacy (Chancellor et al., 2019).

As we show in this work, FL could involve
opt-in data sharing and training from consenting
users, while not decreasing performance on com-
mon tasks. Individuals could enroll in ML ecosys-
tems, where they share model updates but keep
their data on their own devices. Moreover, users
could opt into model training for specific goals
(triage, crisis intervention) rather than others they
do not support (advertisements). A downstream im-

pact of this consentful data sharing is that it could
improve users’ trust in mental health and Al tech-
nologies, which could support more adoption and
potential applications. This must be done in ways
that center users’ perspectives and avoid harming
them (Pendse et al., 2024).

Combining with the aforementioned degradation
in performance to guarantee privacy, we encourage
the research community to develop infrastructures
that allow users to opt in to research to identify
high-risk behaviors and to create infrastructures
that can safely share data with user consent.

7 Conclusion

This work provides a comprehensive analysis in-
vestigating the applicability of federated learning
for the identification of high-risk behavior and dis-
orders, spanning depressive disorder and suicidal
ideation across two major platforms X and Reddit
using benchmark datasets. We compare centralized
approaches with federated learning settings and dif-
ferentially private federated learning, where users
are simulated as client devices. We demonstrate
that the federated approach performs comparably
to the centralized method, and that performance dif-
ferences for both tasks are statistically insignificant.
Whereas there is a major utility-privacy trade-off
when applying differentially private FL, which re-
sults in a large utility degradation when trying to
mathematically guarantee the privacy. Training in
smaller client fractions results in a larger utility
drop-off. These findings open new avenues for
mental health detection researchers to leverage fed-
erated learning, lowering data-sharing barriers that
limit access to restricted social media mental health
datasets and engaging in more consentful practices
while adhering to the principle of preserving sensi-
tive user data about their health and well-being.

Ethical Considerations

Mental health behavior identification from social
media has several ethical challenges. Inferring the
mental status of users from their social media is
risky; different actors can target individuals from
these predictions. This may result in different
harms, including exacerbating their mental health
conditions. At the same time, such inference can
also be beneficial. Early identification of these be-
haviors can pave the way to intervention. However,
we must be aware of risks and engage in ethical
practices suggested in prior work (Benton et al.;



Chancellor et al., 2019) as we deal with sensitive
user social media data.

The datasets used in our analysis are publicly
available or accessed through IRB approval or data
usage agreements to protect the users’ privacy. The
MTL and C-SSRS datasets were publicly available.
The IRB institution at the University of Minnesota
(Study ID: STUDY00022028) determined that our
research does not involve human subjects, as we
do not interact directly with the users. Hence, we
accessed the other datasets through data use agree-
ments, and shared this determination form through
our requests for data use. Additionally, we ensured
the data was only accessed by people included in
the IRB determination form (the co-authors on this
paper). Both the depression and STB datasets are
anonymized and preprocessed to protect the identi-
fication of the users in future models. We applied
further preprocessing techniques, such as clean-
ing any user mentions and URLs, to prevent these
details from being included in training.

Limitations

For our analysis, we merged labels in the STB
task into binary classifications of whether a user
has STBs vs. not (see Datasets). This collapsing
of labels follows established prior work of both
dataset creators: (Shing et al., 2018a), UMD-RD,
collapse fine-grained risk levels to binary (at-risk
vs control), and (Gaur et al., 2019), C-SSRS, who
collapsed their five categories into 3 (where sup-
portive and indicator classes are merged into one
class: no-risk), for experimental purposes. How-
ever, it is important to note that binary labels may
obscure clinically important distinctions, particu-
larly whether DP noise disproportionately harms
the detection of severe cases. Our goal in this work
is to establish the viability of federated approaches
before tackling fine-grained classifications.

Furthermore, we studied depression on X data
and STBs on Reddit data, which are the most com-
monly studied behaviors and platforms in the do-
main (Chancellor and De Choudhury, 2020). Our
results do not yet extend to other conditions, such
as anxiety, eating disorders, PTSD, or other social
media platforms, such as Facebook, Weibo, or Tik-
Tok. Future work should examine other disorders
and platforms.

Although federated learning presents improved
data privacy over centralized training paradigms
in terms of not sharing raw data, it is not a “silver

bullet” for privacy concerns (Jere et al., 2020), nor
does it exempt researchers from making datasets
to consider privacy as a core value in mental
health and ML. Data could still be extracted from
trained models (Lyu et al., 2020), and model perfor-
mances can be degraded through model poisoning
attacks (Jere et al., 2021). Our findings show that
when ensuring privacy by applying DP on FL, a
large degradation in performance. It is therefore
necessary for the community to investigate further
mechanisms to ensure the data is protected from
attacks (Jere et al., 2021) such as homomorphic en-
cryption (Wen et al., 2023) and further experiments
with differential privacy to realize the secure im-
plementation of the proposed setting in the social
media mental health detection domain. Other tech-
niques such as parameter-efficient federated fine-
tuning (LoRA/PEFT), personalized federated ap-
proaches, and analysis of the communication costs
present future directions in this domain, building on
the baselines presented by this work. Furthermore,
the relationship between federated learning, differ-
ential privacy, and fairness and bias in detecting
mental health conditions remains under-explored
and would require developing datasets with demo-
graphic details, and thus presents a rich avenue for
future work.
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A Appendix
A.1 Distribution of Tokens

Here, we look at the token distribution within the
aggregated depression and suicide datasets. There’s
a high standard deviation across the treatment and
control users in both behaviors (depression and
suicide). In the depression dataset, the treatment
users (STD=10686) have a slightly higher devia-
tion from the control users (STD=10683). For the
suicide dataset, the treatment users (STD=10835)
have a higher standard deviation compared to the
control (7994) counterparts. This significant varia-
tion in distribution shows the non-Independent and
Identical Distribution (non-I1ID) of data among the
clients. This shows our simulation of unique indi-
vidual users as clients depicting the real-world use
case of high risk behavior identification. (See Fig-
ures 2 and 3 for treatment and control depression
users, respectively. Figures 4 and 5 for treatment
and control suicide users, respectively)

Depression - Treatment Users Token Distribution
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Figure 2: The violin plot illustrates the word count
distributions of the treatment users in the depression
detection dataset. Mean = 6324, Standard Deviation =
10686.

A.2 Model Parameters and Experimental
Setup

The learning rate is set to 4e — 5. Adam is used
as an optimizer. We trained for ‘epochs = 50" and
applied an early stopping of 5. A batch size of 32
is used for all the models except for MentalLong-
former, where we used 16 due to memory limits.
We used the default Huggingface parameter values
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Figure 3: The violin plot illustrates the word count dis-
tributions of the control users in the depression detection
dataset. Mean = 8402, Standard Deviation = 10683.
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Figure 4: The violin plot illustrates the word count dis-
tributions of the treatment users in the suicidal thoughts
behaviors identification dataset. Mean = 4282, Standard
Deviation = 10835.

for the remaining hyperparameters for both central-
ized and federated settings.

For our Differentially Private Federated
Learning (DP-FL) setup, we used finetuned BERT
on the depression identification task. We set the
clipping norm (clip_norm = 1), the privacy bud-
get is experimented (e = 1, 5, 10, 50, 100), we
used the fedprox aggregation algorithm, client frac-
tion (client_fraction = 0.1, 0.7, 10% and 70% of
the data, respectively). Learning rate (client_Ir =
4e — 5, server_Ir = 1e — 3) provided the best per-
formance after searching over higher learning rate
space (client_Ilr = 1e — 2, server_Ir = le — 1).
Training for ‘epochs = 50’ and ‘rounds = 100’
yielded the best result (search space ‘epochs =
50,100’ and ‘rounds = 50, 100, 200’), and applied
an early stopping of 5, with batch_size of 32. We
used delta (6 = 1e — 5). The sigma is calculated
with an adaptive Gaussian mechanism.
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Figure 5: The violin plot illustrates the word count
distributions of the control users in the suicidal thoughts
behaviors identification dataset. Mean = 3378, Standard
Deviation = 7994.

B Depression and Suicidal Thoughts and
Behaviors Detection Results




. . Logistic Regression = MentalBERT  MentalLongformer BERT RoBERTa DistilBERT DistilRoBERTa
Client Fraction

Recall F1 Recall F1 Recall F1 Recall F1 Recall F1 Recall F1 Recall F1
c=10% 59.39 59.39 76.89  76.85  82.99 83.16 7396 7393 7506 75.00 7425 7425 7289 72.98
c=30% 55.47 55.46 77.02  77.01  82.29 82.40 74.06 7348 7530 7521 7415 7420 7331 73.37
c=50% 56.05 56.05 76.62 7659  81.98 82.07 76.64 7640 76.85 76.83 75.12 75.13 73.81 73.85
c=70% 55.95 55.94 7557 7534 8248 82.63 77.03 76.83 7592 7588 7529 7537 74.18 74.21

Table 7: Federated approach on the depression dataset using fedAvg algorithm in different client fractions.

Client Fraction Logistic Regression = MentalBERT  MentalLongformer BERT RoBERTa DistilBERT DistilRoBERTa
Recall Fl1 Recall Fl1 Recall Fl1 Recall Fl1 Recall Fl1 Recall Fl1 Recall Fl1
c=10% 55.91 55.90 7725 77.08 78.19 78.35 77.62 7157 76.69 76771 7478 7482 7334 73.06
c=30% 55.05 54.90 7529  75.00 80.02 80.11 76.75 7641 76.14 76.08 7491 7478 73.81 73.76
c=50% 55.77 55.78 75.81  75.60 81.72 81.80 76.16 7579 7541 7541 7533 7537 73.67 73.75
c=70% 55.76 55.75 7571 7551 79.93 80.06 7637 76.13 7573 75.65 7457 7455 7324 73.31

Table 8: Federated approach on the depression dataset using fedProx algorithm in different client
fractions.

Client Fraction Logistic Regression = MentalBERT  MentalLongformer BERT RoBERTa DistilBERT DistilRoBERTa
Recall Fl1 Recall Fl1 Recall F1 Recall Fl1 Recall Fl1 Recall Fl1 Recall Fl1
c=10% 66.90 66.83 70.86  69.96 74.10 74.04 7138 7128 7196 7180 77.33 7742 68.88 67.74
c=30% 68.82 68.84 74.61 7444 7825 77.62 76.02 7598 66.89 6338 76.78 76.70  76.78 76.94
c=50% 69.03 69.06 69.84 68.87 64.87 59.84 75.16  75.15 6840 66.88 7458 74.12  78.00 78.11
c=70% 68.50 68.56 70.61 7041 82.64 82.75 64.63 5985 7521 7529 7636 7641 79.63 79.73

Table 9: Federated approach on the depression dataset using £edOpt algorithm in different client fractions.

Client Fraction Logistic Regression = MentalBERT  MentalLongformer BERT RoBERTa DistilBERT DistilRoBERTa
Recall F1 Recall F1 Recall F1 Recall F1 Recall F1 Recall F1 Recall F1
c=10% 59.15 58.95 71.84 7096 77.14 77.05 75.68 7559 80.51 80.65 7432 7431 73.89 73.79
c=30% 58.56 58.33 82.87 83.05 7941 79.54 7852 7856 81.51 81.62 7327 73.15 68.90 67.38
c=50% 5791 57.71 83.95 84.09 81.56 81.73 80.15 8027 79.89 79.88 7477 7466 79.14 79.20
c=70% 58.89 58.64 81.96 82.12 81.46 81.63 82.65 8280 77.14 77.05 7549 7548 7217 71.34

Table 10: Federated approach on the suicide dataset using fedAvg algorithm in different client fractions.

Client Fraction Logistic Regression = MentalBERT  MentalLongformer BERT RoBERTa DistilBERT DistilRoBERTa
Recall F1 Recall Fl1 Recall Fl1 Recall F1 Recall F1 Recall F1 Recall Fl1
c=10% 59.15 58.95 7597 75.88  69.20 67.66 78.38 7848 78.88 7892 7429 7426 81.63 81.79
c=30% 58.57 58.33 8235 8250 70.93 70.01 78.00 78.07 81.44 8158 7320 73.02 70.54 69.39
c=50% 57.91 57.72 81.53  81.70  74.66 74.46 76.88 76.82 80.67 80.78 73.09 72.80 77.89 77.92
c=70% 58.89 58.64 82.87 83.05 79.10 79.15 79.82 7993 7991 80.03 7320 73.16 77.15 77.05

Table 11: Federated approach on the suicide dataset using fedProx algorithm in different client fractions.

Client Fraction Logistic Regression = MentalBERT  MentalLongformer BERT RoBERTa DistilBERT DistilRoBERTa
Recall Fl1 Recall F1 Recall F1 Recall F1 Recall Fl1 Recall F1 Recall F1
c=10% 65.24 65.12 7246 7241 5458 43.93 70.14  69.88 67.73 6630 77.81 77.75 73.05 72.46
c=30% 64.86 64.48 76.44 7645  68.51 68.54 6594 6455 70.74 70.73 6926 68.78 72.36 72.23
c=50% 62.68 62.32 7620 7496  62.52 60.80 7124 7099 70.85 70.87 69.26 68.78  69.85 69.60
c=70% 62.50 62.34 7777 7174 57.36 50.45 63.16 59.74 7410 74.04 7494 7493 69.85 69.60

Table 12: Federated approach on the suicide dataset using fedOpt algorithm in different client fractions.



