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ABSTRACT

Federated Learning (FL) is becoming more popular for mental health risk prediction because it enables collaborative model training while
keeping sensitive patient data localised and avoiding direct data exchange. Yet the distribution of model updates can still lead to the leakage
of private information via gradient leakage, membership inference, and model inversion attacks. On the other hand, traditional Differential
Privacy (DP) approaches generally resultin a considerable loss of util-ity because of the noise they add and the use of fixed clipping methods. In
order to overcome these disadvantages, A Privacy-Preserving Adaptive Federated Learning Framework with Relevance and Uncertainty-Guided
Dynamic Update Attenuation (ENSEMBLEFEDSHIELD-PRUDA) is a frame-work that has been developed for safe and secure mental health risk
prediction and offers protection against various threats. This framework manages the training of a Multi-Layer Perceptron (MLP) by means of
moving-average adaptive clipping, gradient-based feature-relevance scoring, Monte Carlo dropout for uncertainty estimation, uncertainty-
guided dynamic attenuation, and round-based adaptive differential privacy. These mechanisms ensure that the updates are protected before
the secure global aggregation takes place, preserve useful model parameters, reduce unreliable client updates, and stabilise local optimisation.
The effective performance of the proposed framework is further verified by extensive comparative experiments with five baseline models,
namely Central-ised MLP, Standard Federated Learning (FedAvg), and Federated Learning with Fixed Differential Privacy, Federated Learning
with Adaptive Clipping and Fixed DP, FedAvg with Uncertainty Guided DP, all of which show consistentimprovementsin predictive performance
whilestilllacking strong privacy guarantees. As a result, the proposed framework attains a better balance between privacy, utility and enhances
its resistance to information leakage. Finally, the experimental results indicate that the proposed framework (ENSEMBLEFEDSHIELD-PRUDA)
offers robust privacy preservation and reliable mental health risk prediction, which means it is suitable for secure collab-orative healthcare
analytics.

Keywords: Federated Learning, Differential Privacy, Mental Health Risk Prediction, Privacy-Aware Learning, Adaptive Clipping, Monte Carlo
\Dropout, Uncertainty Estimation, Gradient At-tenuation, Secure Healthcare Analytics.

S

l. Introduction

The rapid adoption of intelligent mental health care systems has made it possible to develop data-driven decision
support models that are able to detect depression, anxiety, stress, and other psychological disorders from patient
data. Data privacy is one of the most significant issues in healthcare analytics given that these applications involve
the use of very sensitive personal infor-mation. Traditional centralised machine learning involves collecting patient
data on a single server, which increases the risk of unauthorised access, breaches of privacy, and failure to comply with
regulations. Federated Learning (FL) is a decentralised machine learning approach that al-lows a global model to be
trained collaboratively while keeping the patient-sensitive data on the client devices themselves. Even though the raw
data never leave the client device, the model up-dates sent over the network can still be exposed through attacks such
as model reconstruction, membership inference, or gradient inversion. Differential Privacy (DP) is generally
employed to add calibrated noise to the client updates before they are aggregated. However, conventional DP methods
usually apply a fixed amount of noise and use constant clipping thresholds, and therefore are not able to adapt to the
changing features of the client updates during training. These limita-tions often lead to a decrease in model
performance while unnecessarily disrupting informative updates. In order to address these limitations, this research
paper presents a (ENSEM-BLEFEDSHIELD-PRUDA) framework for secure and protected federated mental healthcare
an-alytics.

The framework presented includes a number of complementary adaptive techniques that together enhance both
privacy preservation and the reliability of learning. At the beginning, it uses moving-average adaptive clipping to
dynamically determine clipping thresholds by referring to the histor-ical norms of the updates, which allows for stable
optimisation while ensuring that large client updates do not take control of the global learning process. Moreover,
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uncertainty estimation is obtained using Monte Carlo Dropout to measure the confidence level of each local client
model's predictions. The suggested Update Relevance Scoring mechanism evaluates the relative im-portance of the
client updates by means of a gradient-based analysis, instead of giving the same degree of protection to every
parameter. By doing this, it is possible to identify those updates that are highly informative before carrying out privacy
preservation. These uncertainty estimates are then incorporated into an Uncertainty-Guided Dynamic Update
Attenuation method, which re-duces faulty client updates while at the same time keeping trustworthy information
during the process of collaborative optimisation.

Finally, Round-Based Adaptive Differential Privacy introduces communication-aware Gaussian noise whose
magnitude is varied according to the progress of training, thus offering strong privacy protection without unreasonably
lowering model accuracy. The framework is tested on a mental health risk prediction dataset within a federated
learning environment using a Privacy-Aware Mul-tilayer Perceptron (MLP) classifier. An experimental evaluation
demonstrates that the proposed adaptive optimisation strategy improves the balance between predictive
performance and privacy preservation and also increases robustness against a range of client-side and server-side
security threats. The combination of update relevance scoring, uncertainty-guided attenuation, adaptive differential
privacy, and secure aggregation provides a thorough solution for reliable and privacy-preserving collaborative mental
healthcare analytics. Unlike conventional federated learning methods that treat privacy and security separately, the
proposed framework jointly addresses pri-vacy preservation, adaptive optimisation, and the privacy-utility trade-off.
The following five baseline models are used for comparison in order to evaluate the performance of the proposed
framework:

(i) a Centralized MLP model that does not use Federated Learning,

(ii) a Standard Federated Learning model based on FedAvg, (iii) Federated Learning model that incorporates Fixed
Differential Privacy, (iv) Federated Learning with Adaptive clipping with Fixed DP, and (v) FedAvg with Uncertainty
Guided DP. These baseline models serve as a sys-tematic benchmark against which the contributions of the proposed
adaptive framework can be assessed by progressively enhancing both privacy preservation and distributed learning
capabili-ties. The comparative analysis shows how well adaptive clipping, round-based adaptive differen-tial privacy,
uncertainty-guided update attenuation, and update relevance scoring can be incorpo-rated into a single Federated
learning architecture.

The major objectives of this work are mentioned as follows:

+* To develop the ENSEMBLEFEDSHIELD-PRUDA framework for privacy-preserving adaptive federated learning
in mental-health risk prediction.

+¢ To develop a Moving Average Adaptive Clipping strategy for dynamic regulation of client update magnitudes during
federated optimization.

+¢* To design a gradient-based Update Relevance Scoring mechanism for identifying informa-tive client updates.

¢ To regulate unreliable client updates by combining Monte Carlo Dropout-based uncer-tainty estimation with
Uncertainty-Guided Dynamic Update Attenuation.

+¢* To develop a Round-Based Adaptive Differential Privacy mechanism for dynamically ad-justing Gaussian noise
across communication rounds while preserving model utility.

Il. Related Literature

Privacy-preserving Federated Learning (FL) has emerged as a successful paradigm for collab-orative machine learning
because it allows for distributed model training without sharing sensitive raw data. Recent surveys have
comprehensively examined major privacy threats in FL, such as gradient leakage, inference attacks, model inversion,
poisoning attacks, and communication vul-nerabilities, while examining countermeasures such as Differential Privacy
(DP), Secure Multi-Party Computation (SMC), homomorphic encryption, and secure aggregation [1], [2], [6]- By
combining decentralized learning with differential privacy and transfer learning, these frameworks significantly
minimize the exposure of sensitive patient data while facilitating collaborative model development across distributed
healthcare institutions. Despite these developments, major existing approaches primarily concentrate on privacy
preservation and predictive performance while providing limited consideration for the adaptive reliability of client
updates during federated op-timization [11], [8].

Differential privacy has become one of the most popular privacy-preserving techniques in feder-ated learning, and it
generally injects adaptive noise and adaptive clipping at different clients and rounds to satisfy formal (¢, §)-differential
privacy guarantees. More recently, adaptive privacy mechanisms have dynamically adjusted clipping thresholds and
noise levels to improve the pri-vacy-utility trade-off. Communication-efficient frameworks such as CLFLDP and
adaptive per-sonalized federated learning further improve optimization through layer-wise clipping, adaptive privacy
budget allocation, and dynamically sparsified client updates [12].

Another important research direction focuses on preventing information leakage and handling threats via gradient
leakage. Gradient leakage studies demonstrate that exchanged gradients may unintentionally reveal sensitive training
samples even when raw client data remain locally stored [3]. Similarly, privacy-preserving federated learning
frameworks developed for the Industrial In-ternet of Things (I1oT), natural language processing, and smart healthcare
integrate secure aggre-gation, local differential privacy, and communication-efficient optimization techniques to
strengthen communication security [4], [5], [6]. Although these approaches significantly enhance privacy protection,
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they generally treat all client updates equally during optimization, without dif-ferentiating highly informative updates
from less informative ones. Prediction uncertainty has re-cently become an important research topic in trustworthy
federated learning. Bayesian uncertainty estimation methods, particularly entropy or Monte Carlo dropout, have been
successfully adopted for clinical decision support and the analysis of the performance with and without differential
privacy with non-IID data and the integration of differential privacy with personalized federated learning using non-
IID data for client updates. [12][13][14]. However, uncertainty information is rarely incorporated into adaptive
privacy-preserving optimization. Consequently, uncertain client updates continue to participate in collaborative
optimization with equal importance, potentially reducing  global = model robustness and convergence
performance [2], [4].

Overall, existing studies have independently investigated adaptive clipping, differential privacy, uncertainty
estimation, communication-efficient federated learning, and privacy-preserving healthcare applications [1]-[15].
However, three important research gaps remain. First, existing federated learning frameworks rarely evaluate the
relevance of client updates before applying dif-ferential privacy, resulting in uniform perturbation of both informative
and less informative up-dates. Second, predictive uncertainty is rarely incorporated into adaptive client update
regulation, allowing unreliable local models to influence global optimization equally. Third, adaptive clip-ping, update
relevance evaluation, uncertainty estimation, dynamic update attenuation, and adap-tive differential privacy are
generally investigated as independent techniques rather than being integrated into a unified optimization framework.
Motivated by these limitations, the proposed Privacy-Aware Update Relevance Scoring with Un-certainty-Guided
Dynamic Update Attenuation Adaptive Differential Privacy (PAURS-UGDUA-ADP) framework integrates Moving
Average Adaptive Clipping, Update Relevance Scoring, Monte Carlo Dropout-based uncertainty estimation, Dynamic
Update Attenuation, and Round-Based Adaptive Differential Privacy into a unified federated learning architecture. By
jointly ex-ploiting update relevance and predictive confidence before adaptive privacy preservation, the pro-posed
framework improves optimization stability, preserves informative client updates, achieves a better privacy-utility
trade-off, and enhances privacy-preserving mental health prediction.

lll.Methodology

This ENSEMBLEFEDSHIELD-PRUDA framework works on a mental health risk dataset, containing 25,000 patient
records in a federated learning setting. Initially, a Multi-Layer Percep-tron (MLP) trains the model, and then moving-
average adaptive clipping regulates gradient mag-nitudes; a gradient-based update-relevance scoring mechanism is
used, followed by Monte Carlo (MC) estimation to predict uncertainty. These two mechanisms jointly guide dynamic
update at-tenuation, which reduces unreliable updates before privacy preservation. Finally, round-based adaptive
noise differential privacy adds Gaussian noise to the communication stage, and the pri-vacy-preserved updates are
aggregated using Federated Averaging (FedAvg) to develop a global model.
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Figure 1: Architecture flow diagram of the proposed system.
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Figure 1 demonstrates the complete architectural workflow of the proposed ENSEM-BLEFEDSHIELD-PRUDA
framework. This framework enables local training on each client us-ing a Privacy-Aware MLP, applying adaptive
moving-average clipping, feature update-relevance analysis, and MC dropout uncertainty estimation, followed by
Dynamic update attenuation and adaptive noise. Finally, the threat prevented secure client updates from being sent
to the updated global model. This framework prevents client-side and server-side threats such as Gradient leak-age,
model inversion, membership inference, Reconstruction of Private Information, Privacy Leakage during Aggregation,
etc. The Federated Learning workflow below demonstrates how local model training; moving-average adaptive
clipping; update-relevance scoring; MC dropout-based uncertainty estimation; uncer-tainty-guided dynamic update
attenuation; round-based adaptive differential privacy; and feder-ated model aggregation are performed in this
proposed framework.

3.1. Local Privacy Preserving Model Training

The training dataset is distributed among several federated clients, so that sensitive patient records are never stored
anywhere other than locally during the learning process. Each client pre-processes its local data by standardising
features and trains a Privacy-Aware Multi-Layer Percep-tron with three hidden layers, Batch Normalisation, ReLU
activation, and Dropout regularisation. The model parameters are optimised through the Adam optimiser with
cross-entropy loss. The

1
objective function for local optimisation is: L = = ¥ y log(y ), where y represents the true

N
class label and y: denotes the predicted probability.

3.2. Moving Average Adaptive Clipping

Instead of using a fixed clipping threshold, the proposed work dynamically adjusts the clipping threshold to the
moving average of previous client update norms. This adaptive strategy stabilises optimisation by securing
excessively large model updates while avoiding unnecessary clipping of informative gradients. Consequently, model
sensitivity remains bounded before apply-ing differential privacy. The adaptive clipping threshold is computed
as: Ct = BCi-1 + (1 - B)||g:l|, where C: is the clipping threshold, B denotes the momentum coefficient, and || g¢||
represents the current update norm.

3.3. Update Relevance Scoring

After moving adaptive clipping, the importance of each model update is estimated using gradient-based relevance
analysis. The average absolute gradient magnitude is calculated to iden-tify highly informative updates that contribute
to the learning process. Unlike traditional methods that perturb all updates equally, the proposed method preserves
important updates while attenuat-ing less informative updates more strongly before privacy preservation. The
relevance score is

calculated as R = 1 2N |Vx |, where Vx denotes the input gradient corresponding to feature iii.
N =1

i
3.4. MC Dropout-Based Uncertainty Estimation
Estimate prediction reliability, the proposed method governs Monte Carlo Dropout during inference. Multiple
stochastic forward passes are performed while keeping dropout layers active, producing an approximate Bayesian
uncertainty estimate for each client model. The resulting un-certainty values are subsequently used to regulate the
contribution of client updates during opti-misation. Predictive uncertainty is estimated as:
U=Var(P1,P2,..,PT),where Pt denotes the pre-dicted probability obtained from the tth stochastic forward pass.

3.5. Uncertainty-Guided Dynamic Update Attenuation:

The proposed framework integrates Update Relevance Scores and predictive uncertainty to calculate an adaptive
attenuation factor for each client update. Updates with higher uncertainty

receive stronger attenuation, whereas highly relevant updates retain greater influence during opti-misation. This
adaptive mechanism reduces the impact of unreliable updates while preserving in-formative model parameters. The
attenuation factor is computed as: A=A(1-U)+(1-A)R, where U represents predictive uncertainty, R denotes the
relevance score, and A controls the contribution of both components.

3.6. Round-Based Adaptive Differential Privacy:

After applying update attenuation, adaptive Gaussian noise is inserted into every client update to satisfy differential
privacy. Unlike conventional methods that use fixed noise throughout training, the proposed framework adjusts the
privacy noise by communication round, improving the privacy-utility trade-off while maintaining formal privacy
guarantees. The privacy-preserving update is generated as: W = W + N(0, %), where W is the attenuated update and
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o represents the adaptive Gaussian noise scale.

3.7. Federated Model Aggregation:

The privacy-preserved client updates are transmitted to the central server, where Federated Averaging aggregates the
received model parameters to develop the global model. Only model parameters are exchanged during
communication, while all patient data remain locally saved on individual clients, thereby securing data
confidentiality throughout collaborative learning. The

nk

global model is updated usingWt1 = Y ¥ Wt, where Wtdenotes the local model of client k,

k=1 y k k

nkrepresents the number of local samples, and N is the total number of training samples across all participating clients.
The following Algorithm represents how this proposed framework of EN-SEMBLEFEDSHIELD-PRUDA works in the
mental health risk dataset.

Algorithm 1: Proposed ENSEMBLEFEDSHIELD-PRUDA Framework
Algorithm 1:ENSEBLEFEDSHIELDPRUDA
Input:
Federated client datasets D1, D-, ..., Dy
Output:
Trained global model W
1: Partition the training data among K clients
2. Initialize the global Privacy-Aware MLP model W
3: for each communication round t do
4:  foreachclientk=1,2, ..., Kdo
5 Train the local MLP using the local dataset Dy
6. Compute the local model update AW
7 Apply Moving Average Adaptive Clipping to AWy
8.
9

Compute the Update Relevance Score
k Estimate uncertainty using MC Dropout
10: Perform Dynamic Update Attenuation

11: Inject Round-Based Adaptive DP Gaussian Noise
12:  end for

13:  Aggregate the client updates using FedAvg
14:  Update the global model W

15:  Check the convergence condition

16: end for

17: Return the trained global model W

IV. Experimental Setup

The ENSEMBLEFEDSHIELD-PRUDA framework looked at a mental health risk dataset which included 25000 samples
and 24 predictive features relating to demographic, behavioural, lifestyle, and psychological factors. Prior to
beginning the model training, data pre-processing—designed to clean the data—was carried out on the dataset to deal
with duplicate records and miss-ing values; the categorical attributes were label encoded and the numerical features
were stand-ardised with the use of StandardScaler. The dataset was then randomly divided into 80% for train-ing and
20% for testing, with the class distribution being kept unchanged by means of stratified sampling.

The training data was divided into three non-overlapping subsets in order to mimic a federated learning situation
involving three clients. Each client trained a Privacy-Aware Multi-Layer Per-ceptron (MLP) which had three fully
connected hidden layers, used ReLU activation, included batch normalisation and employed dropout as a
regularisation technique. The Adam optimiser was employed to train the model with a batch size of 64, five local
epochs per communication round, a learning rate of 0.001, and a weight decay of 1x10~* The federated model was
trained for ten communication rounds and the global model parameters were updated by means of the Federated
Averaging (FedAvg) algorithm. The adaptive privacy-preserving architecture that is proposed consists of Moving
Average Adaptive Clipping, Update Relevance Scoring, MC Dropout-based Uncertainty Estimation, Dynamic Update
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Attenuation, and Round-Based Adaptive Differential Privacy prior to model aggregation. Differential privacy was
implemented using the Gaussian method with a privacy budget of epsilon = 1.0 and delta = 1e-5. The injected noise was
adaptively tuned according to the communication round. The table below shows the parameters and their values used
in this proposed framework.

Table 1: Experimental Parameters with Values of ENSEMBLEFEDSHIELD-PRUDA framework

Parameter Value

Dataset Mental Health Risk Dataset

Total Samples 25,000

Features 24

Target Classes 3

Train/Test Split 80% / 20%

Number of Clients 3

Global Model Privacy-Aware MLP

Hidden Layers 256-128-64

IActivation ReLU

Batch Normalization Yes

Dropout 0.20

Optimizer IAdam

Learning Rate 0.001

Batch Size 64

Local Epochs 5

Communication Rounds 10

Aggregation FedAvg

Differential Privacy Gaussian Mechanism

Privacy Budget (€) 1.0

Delta (8) le-5

Evaluation Metrics lAccuracy, Precision, Recall, F1-score,
ROC-AUC

V. Result And Discussion

The proposed A Privacy-Preserving Adaptive Federated Learning Framework With Rele-vance- And Uncertainty-
Guided Dynamic Update Attenuation (ENSEMBLEFEDSHIELD-PRUDA) framework was assessed using the mental
health dataset in a federated learning environ-ment with three distributed clients. The proposed architecture
dynamically adjusts model updates by integrating Moving Average Adaptive Clipping, Feature Relevance Scoring, MC
Dropout-based Uncertainty Estimation, Dynamic Update Attenuation, and Round-Based Adaptive Gauss-ian
Differential Privacy; it overcomes the disadvantages of fixed clipping and constant differential privacy noise in
conventional federated learning approaches. This proposed framework is com-pared with baseline models such as (i)
Centralised MLP, (ii) Standard federated learning (Fe-dAvg), and (iii) Federated Learning with fixed differential
privacy,(iv) Federated Learning with Adaptive clipping and Fixed DP, and (v) FedAvg with Uncertainty Guided DP, the
results of the proposed framework preserves informative updates: these adaptive components stabilise local op-
timisation, suppress uncertain model parameters, and regulate privacy noise with respect to the training progress. In
this approach, adaptive clipping minimises excessive gradient distortion, fea-ture-aware update modulation secures
highly informative model parameters, and uncertainty-guided attenuation prevents unreliable updates from
dominating global optimisation. Experi-mental results show that combining adaptive optimisation with privacy
preservation consistently improves predictive performance while maintaining rigorous privacy guarantees. Overall,
these findings show that integrating adaptive optimisation strategies with differential privacy signifi-cantly improves
federated learning performance for mental healthcare predictions. It also achieves an effective privacy-utility trade-off
while maintaining stable convergence, making it suitable for privacy-sensitive distributed healthcare applications.
The tables below demonstrate the overall baseline performance comparison for the proposed
ENSEMBLEFEDSHIELD-PRUDA frame-work.

Table 2: Overall Performance Comparison
Method Accuracy Precision Recall Fl-score  [ROC-AUC

Centralized MLP 0.7942 0.7960 0.794 0.7939 0.9174
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Standard FL  (Fe- |0.7472 0.7478 0.7472 0.7464 0.8760
dAvg)

FL + Fixed DP 0.7422 0.7508 0.742 0.7310 0.8797
Federated Learning

+ Adaptive Clipping 0.7638 0.7835 0.763 0.7544 0.9002
+ Fixed DP

Fedavg + Uncer- [0.6178 0.6718 0.6178 0.6190 0.7859
tainty-Guided DP

Proposed ENSEM-

BLEFEDSHIELD-PRUDA|0.8364 0.8389 0.8364 0.8367 0.9466

Table 2 show that various baseline models, such as Centralised MLP, Standard FL, Federated learning with fixed
differential privacy, Federated learning with adaptive clipping and fixed dif-ferential privacy, and FedAvg with
uncertainty-guided DP, are analysed and evaluated with the same mental health risk dataset using metrics like
accuracy, precision, recall, F1 score, and ROC AUC. These findings show that the proposed ENSEMBLEFEDSHIELD-
PRUDA framework achieves higher accuracy, precision, recall, F1 score, and AUC. It clearly shows that the proposed
framework helps to protect patients' records in the dataset, prevent threats, secure model updates, and improve the
privacy-utility trade-off.

Chart 1: Global Performance result values of ENSEMBLEFEDSHIELD-PRUDA
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Figure 2: Confusion Matrix of the proposed method.

The performance confusion matrix report in the following image further confirms the clas-sification results, showing
that the model correctly classified 1533, 2032, and 617 samples for classes 0, 1, and 2, respectively. The low number
of off-diagonal predictions indicates that most of the test samples were correctly classified. The main misclassification
was between Class 0 and Class 1, and between Class 1 and Class 2. The classification report shows that the global
model achieves strong, relatively balanced predictive performance across all three classes, with class-wise F1-scores
of 0.85, 0.83, and 0.81 for Classes 0, 1, and 2, respectively. The overall classifica-tion performance on the test set is
consistent with a weighted mean of 0.84 for precision, recall and F1-score. The model's overall accuracy is 0.84. The
macro-average F1-score of 0.83 indicates that the model is more balanced across the three classes, rather than being
skewed toward the majority class. Chart 1 illustrates the ROC curve for the proposed Framework. It achieves AUC
values of 0.968, 0.920, and 0.975 for Classes 0, 1, and 2, respectively.

Chart 2: ROC Curve of the Proposed ENSEMBLEFEDSHIELD-PRUDA Framework
Multi-Class ROC Curve
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5.1. Ablation study Analysis of ENSEMBLEFEDSHIELD-PRUDA framework:

The ablation study assesses the contribution of systematically omitting individual compo-nents, such as adaptive
clipping, uncertainty estimation, dynamic attenuation, and adaptive differ-ential privacy. This comparison shows
which components contribute most to overall model per-formance and the privacy-utility trade-off.
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Table 3: Ablation Study of proposed framework.

\Adaptive Update MC Dynamic Adap-
Configuration Clipping Relevance [Drop-out{lUpdate At- (tive DP [Key Observation
Scoring tenuation
Standard federated
Baseline FL No No No No No learning without adap-
tive privacy mechanisms
Model + Adaptive Improved optimization
Clipping Yes No No No No stability through adap-
tive clipping
+ Update Relevance |Yes Yes No No No Better preservation of in-
Scoring formative client updates
+ MC Dropout Yes Yes Yes No No Reliable estimation of
prediction uncertainty
+ Dynamic Update [Yes Yes Yes Yes No Reduced influence of
/Attenuation uncertain client updates
Proposed Frame- Best balance between
work Yes Yes Yes Yes Yes model utility and privacy
preservation

The above ablation study report explains the importance and trustworthiness of the proposed system. It clearly shows
the necessity of the proposed framework, which uses adaptive clipping, relevance scoring, and model reliability using
uncertainty estimation with update attenuation, fol-lowed by round-based adaptive noise with the best model
performance among existing baselines, and it also maintains the best balance between model utility and privacy
preservation for securing the model updates during aggregation.

VI. Conclusion

This paper demonstrates a novel ENSEMBLEFEDSHIELD-PRUDA framework helps to pre-serve mental health risk
prediction. This method integrates moving average adaptive clipping, update relevance scoring, Monte Carlo dropout-
based uncertainty estimation, dynamic update at-tenuation, and round-based adaptive differential privacy into a
single federated learning frame-work to balance predictive performance and privacy preservation. Unlike traditional
federated learning approaches that rely on static clipping thresholds and fixed differential privacy mecha-nisms, the
proposed adaptive framework dynamically controls client updates based on their rele-vance and prediction
uncertainty before applying adaptive privacy protection. Experimental re-sults on the mental health risk dataset,
which contains up to 25000 patient records, show that the proposed framework consistently outperforms traditional
baselines while providing strong privacy assurance. The ablation study further validated the contribution of each
adaptive component. Overall, the proposed approach offers an effective and practical solution for secure, privacy-pre-
serving collaborative mental healthcare analytics. Future work will extend the approach by adding trust-aware secure
aggregation and robust defence mechanisms against adversarial attacks in fed-erated learning environments.
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