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Abstract  
Federated learning has emerged as a potential paradigm for collaborative intelligence because it allows many 
businesses to train machine learning models together without sharing raw data. However, traditional federated 
learning algorithms frequently assume homogenous data distributions and shared feature spaces, which limits their 
application to diverse cross-domain contexts. This study introduces a Personalized Federated Proximal (FedProx) 
architecture for collaborative risk forecasting in three distinct sectors: finance, healthcare, and urban planning. The 
suggested architecture includes sector-specific input adapters, a shared residual backbone, private residual adapters, 
and task-specific prediction heads to strike a compromise between collaborative knowledge sharing and domain-
specific expertise. Adaptive sector-weighted aggregation is used to improve global model optimization while 
maintaining local characteristics. The framework is tested on publicly available datasets using a rigorous process that 
includes five random seeds and three rolling temporal folds for urban forecasting, totaling 15 repeated trials. 
Performance is measured using Accuracy, Balanced Accuracy, F1-score, Matthews Correlation Coefficient (MCC), ROC-
AUC, and PR-AUC. Experimental results reveal that the proposed framework performs similarly to the Sector FedAvg 
baseline in financial risk forecasting while consistently improving urban forecasting, particularly in ROC-AUC and PR-
AUC. Although healthcare remains a difficult prediction problem due to the complexity of the leakage-safe composite 
target, the suggested strategy improves overall classification accuracy while retaining consistent performance across 
multiple experiments. These findings show that personalized federated learning is a viable method for collaborative 
risk prediction across diverse application domains while limiting negative transfer via sector-specific adaptation. 
 
Keywords: Federated Learning, Personalized FedProx, Cross-Sector Learning, Risk Forecasting, Financial Risk 
Prediction, Healthcare Analytics, Urban Planning, Privacy-Preserving Machine Learning. 
 

1. Introduction 
The increasing pace of digital transformation of contemporary society has resulted in the widespread use 
of intelligent information systems in a variety of application fields, including financial services, healthcare, 
and urban infrastructure. Banking transactions, electronic health records, wearable devices, environmental 
sensors, and Internet of Things (IoT) platforms all generate massive amounts of heterogeneous data on a 
continual basis. The capacity to successfully evaluate such distributed data has made risk forecasting a 
critical component of decision support, allowing firms to anticipate unfavourable events, optimize resource 
allocation, and improve operational resilience. Accurate prediction of financial defaults, high-risk patients, 
and environmental risks decreases economic losses while simultaneously improving public safety and 
service quality. As a result, data-driven risk forecasting has emerged as a key study topic in artificial 
intelligence, machine learning, and data analytics [1, 2]. 
Despite having the same goal of anticipating future dangers, financial, healthcare, and urban planning 
systems have significantly distinct data properties. Financial datasets often contain structured numerical 
and categorical data about client demographics, credit history, loan characteristics, and repayment 
behaviour, with the main goal of estimating the possibility of credit default or financial instability [1, 3]. 
Healthcare applications, on the other hand, deal with highly sensitive patient data such as demographics, 
clinical diagnoses, laboratory measurements, admission histories, and treatment records, necessitating 
predictive models capable of identifying patients at high clinical or operational risk. Urban planning 
becomes increasingly challenging as environmental monitoring systems continuously gather spatial and 
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temporal observations from distributed sensing stations, creating dynamic data streams that change in 
response to weather conditions, seasonal variations, traffic patterns, and human activities. The significant 
disparities in feature distributions, temporal dynamics, and prediction objectives make developing a unified 
risk forecasting system very difficult [3, 4]. 
Conventionally, machine learning models for risk forecasting are created using centralized training 
paradigms, in which data obtained from various businesses is consolidated into a single repository prior to 
model construction. Although centralized learning frequently produces high prediction results, it implies 
unlimited access to raw data, which is becoming increasingly difficult in practice [4, 5]. Financial firms are 
bound by rigorous regulatory requirements and confidentiality agreements, healthcare services must 
adhere to patient privacy restrictions, and public bodies responsible for urban sensing infrastructures 
frequently face legal and organizational impediments that hinder data sharing. These privacy, ownership, 
and governance constraints significantly limit the possibility of centralized data integration, highlighting 
the need for collaborative learning systems that may use distributed datasets without disclosing sensitive 
information [5, 6]. 
Federated learning (FL) has emerged as a successful paradigm for distributed model training in privacy-
preserving situations, allowing numerous participants to collaborate on optimizing a shared model while 
maintaining raw data locally. Rather than sending sensitive observations to a central server, participating 
clients exchange model parameters or gradients, lowering privacy concerns and data transit. Due to these 
benefits, federated learning has been successfully examined in a variety of application fields, including 
financial fraud detection, healthcare analytics, intelligent transportation, mobile computing, and industrial 
Internet of Things [3, 6]. Nonetheless, most contemporary federated learning algorithms are based on the 
premise that participating client’s complete identical prediction tasks with data from comparable 
distributions. In real-world configurations, nonetheless, enterprises frequently exhibit substantial 
variation in terms of data distributions, feature spaces, computational resources, and learning objectives, 
reducing the success rate of traditional aggregated data techniques such as Federated Averaging (FedAvg) 
[7, 8]. 
The problem becomes even more evident in cross-sector federated learning, because participants belong 
to wholly distinct application domains rather than different organizations within the same domain. 
Financial firms, hospitals, and urban monitoring organizations collect data with various statistical features 
and maximize separate prediction aims despite sharing the broader purpose of risk assessment. Directly 
aggregating local model parameters across such varied sectors may result in negative transfer, in which 
information obtained in one area has a negative impact on performance in another. Recent research on 
heterogeneous and customized federated learning has shown that tackling statistical heterogeneity 
necessitates learning algorithms that may preserve common knowledge while also adjusting to domain-
specific properties. However, most present techniques focus on homogenous application situations, with 
very little attention paid to unified federated risk forecasting across several diverse industries [9, 10]. 
 

2. Related Work 
 

2.1 Financial Risk Forecasting 
Financial risk forecasting has become a key component of modern banking and financial management, 
allowing firms to predict probable credit defaults, loan delinquencies, and investment hazards before they 
result in severe financial losses. Traditional statistical methods, such as logistic regression and survival 
analysis, have steadily been complemented by machine learning algorithms capable of modelling complex 
nonlinear connections in high-dimensional financial data [2]. Decision trees, random forests, gradient 
boosting algorithms, support vector machines, and deep neural networks have all demonstrated superior 
predictive performance by incorporating customer demographics, credit history, income characteristics, 
repayment behaviour, and transactional data into comprehensive risk assessment models. These data-
driven approaches have considerably improved credit scoring systems' accuracy and robustness, while 
minimizing the need for manual intervention in financial decisions [3]. 
Recent improvements have centred on deep learning architectures that automatically learn latent feature 
representations from diverse financial datasets. Neural networks that incorporate attention mechanisms, 
residual learning, and transformer-based topologies have demonstrated promising performance in credit 
risk analysis because they capture complicated relationships between financial indicators more well than 
traditional machine learning models. Nonetheless, the majority of extant research presume centralized 
access to consumer data collected from various branches or institutions, which limits their application in 
real-world financial systems where regulatory and privacy constraints frequently prevent direct data 
sharing. As a result, privacy-preserving collaborative learning has become a more essential direction for 
financial risk analytics [9, 28]. 
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2.2 Healthcare Risk Prediction 
Electronic health records, laboratory investigations, clinical diagnoses, medical imaging, wearable devices, 
and hospital information systems all contribute to the ongoing generation of vast amounts of patient data. 
These many data sources have aided in the creation of predictive models for disease diagnosis, hospital 
readmission, patient deterioration, mortality prediction, extended hospitalization, and resource allocation 
[10, 15 – 17, 20, 21]. Recent machine learning methods use ensemble learning, recurrent neural networks, 
graph neural networks, and transformer topologies to simulate complicated clinical linkages and temporal 
interactions in patient records [16, 20, 25, 29]. 
Despite these advancements, healthcare data remains one of the most sensitive types of personal 
information, making centralized model creation more difficult due to rigorous privacy restrictions and 
institutional governance norms [10, 15 – 17, 20, 21, 25]. Federated learning has gained a lot of interest as 
an excellent approach for collaborative healthcare analytics since it allows participating hospitals to build 
predictive models without transferring patient-level data. However, clinical institutions usually differ in 
terms of patient demographics, disease incidence, medical equipment, and treatment regimens, resulting 
in highly heterogeneous data distributions that can decrease the efficiency of traditional federated 
aggregation algorithms. Personalized federated learning algorithms have so emerged as a possible avenue 
for increasing predictive performance while maintaining institutional privacy [10, 15, 16, 20, 21]. 
 
2.3 Urban Risk Forecasting 
The fast implementation of smart city infrastructures has allowed for continuous monitoring of 
environmental variables via regionally distributed sensing networks. Air-quality monitoring stations, 
traffic sensors, meteorological systems, and Internet of Things (IoT) devices create large-scale 
spatiotemporal data that aids in intelligent urban management. These metrics are increasingly being 
utilized to forecast pollution incidents, transportation congestion, environmental dangers, and 
infrastructure breakdowns [1]. 
Compared to traditional tabular datasets, urban sensing data show significant temporal volatility, 
geographical correlation, seasonality, and concept drift due to weather conditions, human activities, and 
traffic patterns [4]. Several studies have looked into recurrent neural networks, long short-term memory 
networks, temporal convolutional networks, graph neural networks, and transformer-based forecasting 
models to capture these complex dependencies [9]. Although these algorithms attain competitive forecast 
accuracy in centralized settings, practical urban monitoring systems frequently involve many agencies and 
geographically spread sensing infrastructures, making it difficult to aggregate raw observations into a single 
repository [11, 12]. 
 
2.4 Federated Learning and Personalized Federated Learning 
Federated learning is a distributed machine learning approach that allows numerous organizations or 
devices to train a common model while keeping raw data local. Instead of transmitting sensitive 
observations to a centralized server, participating clients exchange only model updates, lowering privacy 
concerns and communication costs [1, 9]. Since the advent of the Federated Averaging (FedAvg) algorithm, 
federated learning has gained popularity in banking, healthcare, industrial IoT, mobile computing, and 
smart city applications [1, 4, 9]. 
However, statistical heterogeneity, system heterogeneity, communication restrictions, and model 
heterogeneity all hinder federated learning deployment in practice [1, 9]. Conventional FedAvg implies that 
participating clients have identical data distributions and learning objectives, which is rarely true in real-
world implementations. Recent surveys have found that heterogeneous federated learning remains one of 
the most significant open challenges in distributed artificial intelligence, motivating the development of 
personalized federated learning, model-heterogeneous federated learning, and federated transfer learning 
to better accommodate diverse client characteristics [5, 9, 11, 12]. Personalized techniques often mix 
globally shared knowledge with client-specific model components, allowing each participant to adjust to 
local data while still receiving collaborative training [5, 8]. 
 
2.5 Cross-Sector Federated Risk Forecasting 
Although federated learning has been extensively studied inside distinct application domains, there has 
been very little emphasis paid to collaborative learning across fundamentally different sectors. Existing 
federated learning experiments are often conducted in homogeneous contexts with clients from the same 
application domain, such as several hospitals, financial institutions, or mobile devices [10, 15 – 21]. In 
contrast, cross-sector federated learning necessitates collaborative optimization across domains with 
different feature spaces, statistical characteristics, temporal dynamics, and prediction goals. Such 
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heterogeneity significantly raises the probability of negative transfer, which occurs when information useful 
to one domain has a harmful effect on learning in another. 
Recent research in heterogeneous and customized federated learning has offered adaptive aggregation 
algorithms, client-specific model components, knowledge distillation, and transfer learning mechanisms to 
deal with statistical and architectural heterogeneity [5, 11, 12]. Nonetheless, most available approaches 
have been tested on homogeneous benchmark datasets rather than in real-world multi-sector scenarios. 
Furthermore, few studies have looked into unified risk forecasting frameworks that can support financial, 
healthcare, and urban planning tasks all at once using a shared privacy-preserving federated learning 
framework [6, 7, 13, 14, 22]. This constraint inspired the creation of the proposed personalized cross-sector 
federated learning architecture, which blends shared knowledge learning and sector-specific adaptation to 
increase prediction performance across many domains [5, 8]. 
 

3. Proposed Methodology 
This paper provides a personalized cross-sector federated learning framework for risk forecasting in three 
different domains: finance, healthcare, and urban planning. The approach is intended to teach transferable 
risk representations without explicitly sharing actual sectoral data. Unlike traditional federated learning, 
which trains a single global model for all participants, the proposed method divides the network into shared 
and sector-specific components. The shared component captures common predictive patterns across 
sectors, whereas personalized components tailor the learnt representation to the specific characteristics of 
each sector. 
The proposed framework consists of five major components: sector-specific data preprocessing, a shared 
gated residual encoder, sector-conditioned feature modulation, private residual adapters and prediction 
heads, and equal-sector federated aggregation using FedProx regularization. Figure 1 depicts the total 
workflow for the proposed design. 

 
Figure 1. Proposed personalized federated learning framework for cross-sector risk forecasting across 
finance, healthcare, and urban planning. 
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3.1 Cross-Sector Problem Formulation 
Let the participating sectors be represented by 

𝒮 = {𝒮f, 𝒮h, 𝒮u}, 
where 𝒮f, 𝒮h, and 𝒮udenote the finance, healthcare, and urban-planning sectors, respectively. Each sector 
possesses a local dataset 

𝒟s = {(xi
s, yi

s)} i=1
Ns , 

where xi
s ∈ ℝdsdenotes the input feature vector, yi

s ∈ {0,1}represents the associated risk label, dsis the 
original feature dimension, and Nsis the number of observations available in sector s. 
Although every sector can use binary risk forecasting, their features and target definitions differ. The 
financial industry predicts the likelihood of financial default or credit-related risk, the healthcare sector 
identifies patients at high clinical risk, and the urban sector forecasts hazardous environmental or 
operational situations. As a result, directly training one identical model across all sectors may suppress 
sector-specific knowledge and cause negative transfer. 
The objective is to learn a set of shared model parameters 𝛉and sector-specific parameters 𝛟sby 
minimizing 

min
𝛉,{𝛟s}

1

∣ 𝒮 ∣
∑ ℒs

s∈𝒮

(𝛉, 𝛟s; 𝒟s), 

where ℒs denotes the local prediction loss for sector s. The shared parameters are collaboratively updated 
through federated aggregation, whereas the personalized parameters remain specific to each sector. 
3.2 Sector-Specific Data Preparation 
The three datasets have distinct feature architectures, statistical distributions, and temporal 
characteristics. As a result, not all sectors are subject to the same preprocessing technique. Instead, each 
dataset is analyzed locally utilizing a sector-sensitive pipeline before being combined into a single latent 
input dimension. 
3.2.1 Financial-Sector Preprocessing 
The financial dataset includes numerical and categorical features about client characteristics, financial 
history, account information, and repayment behaviour. Missing numerical values are substituted with 
statistics estimated from the training partition, and categorical variables are encoded using an appropriate 
categorical encoding method. Continuous variables are normalized so that features with vast numerical 
ranges do not dominate model optimization. 
The target variable indicates the presence or absence of financial risk. Data partitioning is done via 
stratified sampling, which preserves class proportions in the training, validation, and testing sets. 
3.2.2 Healthcare-Sector Preprocessing 
The healthcare dataset includes patient-specific variables such as demographics, clinical measures, 
diagnoses, admission features, and treatment-related aspects. Missing values and categorical variables are 
addressed with statistics and encoders that are only trained on training data. 
To avoid target leakage, any threshold used to construct the healthcare risk label is derived entirely from 
the training partition. The same threshold is then applied to the validation and testing partitions. This 
approach assures that information from evaluation data is not used to influence target construction or 
model development. 
3.2.3 Urban-Sector Preprocessing 
The urban dataset is made up of time-indexed environmental or sensor observations. Because random 
splitting may allow future observations to impact model training, the urban sector is examined using a 
sequential or rolling temporal protocol. Earlier observations are utilized for training, followed by validation, 
and finally by testing. 
Temporal characteristics, such as hour, day, month, and seasonal indications, can be retrieved when 
accessible. Continuous sensor data are scaled using parameters estimated during the training phase. This 
temporally ordered architecture enables a more accurate assessment of future risk projection. 
3.2.4 Common Representation Dimension 
After sector-specific preprocessing, the resulting input dimensions may differ substantially. Each sector 
therefore uses a local input projection layer: 

𝒛𝑖
𝑠 = 𝜎(𝑾𝑖𝑛

𝑠 𝒙𝑖
𝑠+𝒃𝑖𝑛

𝑠 ), 
where 𝑾𝑖𝑛

𝑠 and 𝒃𝑖𝑛
𝑠 are sector-specific projection parameters, and 𝜎(⋅)denotes a nonlinear activation 

function. The projection maps the original input into a common latent dimension 𝑑, enabling the sectors to 
use the same shared encoder despite their different original feature spaces. 
The input projection remains local because its parameters depend directly on the meaning and 
dimensionality of the sector-specific features. 
3.3 Shared Gated Residual Encoder 
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The central component of the proposed architecture is a shared gated residual encoder. Its purpose is to 
learn transferable patterns that are useful across the participating sectors while maintaining stable 
gradient propagation during training. 
Let 𝑧𝑠 denote the projected input representation of sector 𝑠. A residual transformation is first calculated as 

𝑟𝑠 = 𝑓𝑟𝑒𝑠(𝑧𝑠; 𝜃𝑟), 
where 𝑓𝑟𝑒𝑠(⋅) contains fully connected transformations, normalization, nonlinear activation, and dropout 
operations. 
A gating vector is then generated by 

𝑔𝑠 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊𝑔𝑧𝑠+𝑏𝑔). 

The gated residual representation is obtained as 
ℎ𝑠 = 𝑧𝑠 + 𝑔𝑠 ⊙ 𝑟𝑠, 

where ⊙ represents element-wise multiplication. 
The gating mechanism determines how much transformed information should be incorporated into each 
latent feature. When a transformed feature is beneficial, the corresponding gate approaches one; otherwise, 
the original representation is largely preserved through the residual connection. This design reduces the 
likelihood that aggressively shared transformations will remove useful sector-specific information. 
Multiple gated residual blocks can be stacked to form the shared encoder: 

ℎ𝑙
𝑠 = ℎ𝑙−1

𝑠 + 𝑔𝑙
𝑠 ⊙ 𝑓𝑙(ℎ𝑙−1

𝑠 ), 
where 𝑙 denotes the block index. The parameters of these blocks are shared and aggregated across all 
sectors. 
3.4 Sector-Conditioned Feature Modulation 
Although the shared encoder learns similar representations, the importance of each latent feature may vary 
across domains. A depiction useful for financial risk may not be as relevant for clinical or urban risk. As a 
result, the suggested architecture applies feature modulation conditioned by sector. 
For each sector 𝑠, two learnable vectors are maintained: a scaling vector 𝛾𝑠and a shifting vector 𝛽𝑠. The 
shared representation is modulated as 

ℎ̃𝑠 = 𝛾𝑠 ⊙ ℎ𝑠 + 𝛽𝑠 . 
The scaling vector determines the relevance of individual latent characteristics, whereas the shifting vector 
modulates their sector-specific activation levels. These parameters are local and not averaged across 
sectors.  
Sector-conditioned modulation enables lightweight customisation without the need for a separate encoder 
for each sector. As a result, collaborative knowledge exchange is preserved, yet the same worldwide 
representation can be perceived differently by finance, healthcare, and urban clients. 
3.5 Bottleneck Residual Adapters 
After feature modulation, each sector uses a private bottleneck residual adapter. The adaptor learns a 
compact sector-specific transformation while adding only a few parameters to the overall model. 
For sector 𝑠, the adapter is defined as 

𝒂𝑠 = 𝑾𝑢𝑝
𝑠  𝜎(𝑾𝑑𝑜𝑤𝑛

𝑠 𝒉̃𝑠+𝒃𝑑𝑜𝑤𝑛
𝑠 ) + 𝒃𝑢𝑝

𝑠 , 

where 𝑾𝑑𝑜𝑤𝑛
𝑠 reduces the representation to a lower-dimensional bottleneck, and 𝑾𝑢𝑝

𝑠 projects it back to the 

original latent dimension. 
The personalized output is calculated using a residual connection: 

𝒑𝑠 = 𝒉̃𝑠 + 𝒂𝑠. 
The bottleneck structure restricts the amount of individualized parameters and reduces overfitting, 
especially in sectors with small datasets. The residual link also ensures that the sector has access to the 
shared representation even if the adapter transformation is not useful. 
3.6 Sector-Specific Prediction Heads 
Each sector uses a private nonlinear prediction head to map the personalized representation to its 
corresponding risk probability. The head is defined as 

𝒒𝑠 = 𝜎(𝑾1
𝑠𝒑𝑠+𝒃1

𝑠), 
followed by 

𝑜𝑠 = 𝑾2
𝑠𝒒𝑠 + 𝑏2

𝑠, 
where 𝑜𝑠is the output logit. The predicted probability of risk is obtained through the sigmoid function: 

𝑦̂𝑠 =
1

1 + 𝑒𝑥𝑝(−𝑜𝑠)
. 

The use of sector-specific heads is necessary because the interpretation of the positive risk class differs 
across domains. A financial-risk prediction represents a different event from a healthcare or urban-risk 
prediction, even when all tasks are formulated as binary classification. 
3.7 Balanced Focal Loss 
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Cross-sector risk datasets commonly exhibit class imbalance, with high-risk observations occurring less 
frequently than normal observations. Standard binary cross-entropy may therefore cause the model to 
prioritize the majority class. 
To reduce this problem, the proposed framework employs a balanced focal loss: 

ℒ𝑓𝑜𝑐𝑎𝑙 = −𝛼𝑦(1 − 𝑦̂)𝛾𝑙𝑜𝑔(𝑦̂) − (1 − 𝛼)(1 − 𝑦)𝑦̂𝛾𝑙𝑜𝑔(1 − 𝑦̂), 

where 𝛼controls class weighting and 𝛾determines the degree to which easy observations are down-
weighted. 
The modulating factors (1 − 𝑦̂)𝛾and 𝑦̂𝛾reduce the contribution of correctly classified observations and 
place greater emphasis on difficult or minority-class cases. This is particularly important for risk 
forecasting, where failure to identify a high-risk observation may have substantial operational 
consequences. 
3.8 FedProx-Based Local Optimization 
The varied distributions of the participating sectors can lead the locally trained shared parameters to move 
in significantly divergent directions. This process, known as client drift, can make global aggregation 
unstable. 
To reduce local divergence, the proposed framework includes a FedProx regularization term in the sector-
level objective: 

ℒ𝑠
𝑝𝑟𝑜𝑥

= ℒ𝑠
𝑓𝑜𝑐𝑎𝑙

+
𝜇

2
∥ 𝜽𝑠 − 𝜽(𝑡) ∥2

2, 

where 𝜃𝑠 denotes the locally updated shared parameters, 𝜃(𝑡)denotes the global shared parameters at 
communication round 𝑡, and 𝜇is the proximal regularization coefficient. 
The proximate term prohibits each sector from migrating too far away from its current global 
representation. It does not, however, limit the sector-specific projection layers, modulation settings, 
adapters, or prediction heads because these components are purposefully customized. 
3.9 Equal-Sector Federated Aggregation 
Standard FedAvg weights each client update according to the number of local training observations: 

𝜽(𝑡+1) = ∑
𝑁𝑠

∑ 𝑁𝑗𝑗∈𝒮
𝑠∈𝒮

𝜽𝑠

(𝑡+1)
. 

Although this approach is suitable when clients represent comparable partitions of the same domain, it may 
be inappropriate for cross-sector learning. A sector with a substantially larger dataset can dominate the 
shared encoder, even though all sectors are equally important to the study. 
The proposed framework therefore applies equal-sector aggregation: 

𝜽(𝑡+1) =
1

∣ 𝒮 ∣
∑ 𝜽𝑠

(𝑡+1)

𝑠∈𝒮

. 

With three sectors, each sector contributes one-third of the aggregated shared update, regardless of its 
sample size. Only the shared encoder parameters are aggregated. The following parameters remain private: 

𝝓𝒔 = {𝑾𝒊𝒏
𝒔 , 𝜸𝒔, 𝜷𝒔, 𝑾𝒅𝒐𝒘𝒏

𝒔 , 𝑾𝒖𝒑
𝒔 , 𝑾𝟏

𝒔 , 𝑾𝟐
𝒔 }. 

This separation prevents incompatible feature projections and task-specific classifiers from being averaged 
across unrelated sectors. 
3.10 Federated Training Procedure 
At the beginning of communication round 𝑡, the server distributes the current shared encoder parameters 

𝜽(𝑡)to all participating sectors. Each sector combines the received parameters with its private projection, 
modulation, adapter, and prediction-head parameters. 
Local training is then carried out for a predetermined number of epochs, utilizing the sector's training data. 
During local optimization, the shared and personalized parameters are updated simultaneously with the 
balanced focal loss and FedProx regularization. Following local training, each sector sends just the modified 
shared encoder settings to the server. 
The server computes the next global shared model using equal-sector aggregation. The aggregated 
parameters are reallocated for the subsequent communication round. This method is repeated until the 
maximum number of rounds is achieved or the validation performance stops improving. 
The entire training procedure is given in Algorithm 1. 

Algorithm 1: Personalized Cross-Sector Federated Training 

Input: Sector datasets {𝒟𝑠}𝑠=1
𝑆 , number of rounds 𝑇, local epochs 𝐸, learning rate 𝜂, and proximal 

coefficient 𝜇. 
Output: Global shared parameters 𝜽∗and personalized sector parameters {𝝓𝑠

∗}𝑠=1
𝑆 . 

1. Initialize the global shared encoder parameters 𝜽(0).  

2. Initialize the personalized parameters 𝝓𝑠
(0)

for every sector.  
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3. For each communication round 𝑡 = 0,1, … , 𝑇 − 1:  

1. Distribute 𝜽(𝑡)to all participating sectors.  
2. For each sector 𝑠:  

1. Set the local shared parameters to 𝜽(𝑡).  
2. Train the local model for 𝐸epochs.  
3. Minimize the focal prediction loss and FedProx regularization term.  

4. Retain the updated private parameters 𝝓𝑠

(𝑡+1)
locally.  

5. Transmit only the updated shared parameters 𝜽𝑠

(𝑡+1)
.  

3. Aggregate the received parameters using 

𝜽(𝑡+1) =
1

𝑆
∑ 𝜽𝑠

(𝑡+1)

𝑆

𝑠=1

. 

 
4. Evaluate the personalized sector models on their validation sets.  
5. Apply early stopping when the validation criterion does not improve for a predefined 

patience period.  
4. Restore the best-performing shared and personalized parameters. 

 
3.11 Experimental Workflow 
The entire experimental workflow used to assess the suggested Personalized FedProx framework is shown 
in Figure 2. The first step in the process is gathering diverse datasets from the urban, healthcare, and 
financial sectors. Sector-specific preprocessing is applied to each dataset, such as temporal feature 
engineering for the urban dataset, feature encoding, feature scaling, and missing-value imputation. Non-IID 
client generation techniques are then used to divide the processed data into several federated clients. For 
example, Dirichlet-based partitioning is used to divide healthcare and financial data, while monitoring 
stations are used to group urban data. 
Using the FedProx optimization technique, each client builds a customized local model with sector-specific 
input adapters, a shared residual backbone, private residual adapters, and task-specific prediction heads. 
Only the shared backbone parameters are sent to the central server following local training, where adaptive 
sector-weighted aggregation maintains sector-specific components while updating the global model. All 
participating clients then receive the updated shared backbone, and this communication process is 
repeated until convergence. 
Following model training, validation data are used to determine the optimal decision threshold 
independently for each sector. The optimized models are then evaluated on the corresponding test sets 
using Accuracy, Balanced Accuracy, Precision, Recall, Specificity, F1-score, Matthews Correlation Coefficient 
(MCC), ROC-AUC, and PR-AUC. To ensure robustness and reproducibility, the complete evaluation is 
repeated using five random seeds and three rolling temporal folds for the urban dataset, resulting in 15 
experimental runs from which the mean and standard deviation of each performance metric are reported. 
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Figure 2. Experimental workflow of the proposed Personalized FedProx framework. 
 
3.12 Validation-Based Decision-Threshold Selection 
A fixed decision threshold of 0.5may be unsuitable when sectors exhibit different class distributions and 
misclassification patterns. Therefore, an independent threshold is selected for each sector using only its 
validation partition. 
The candidate threshold set is defined as 

𝒯 = {0.05,0.055, … ,0.95}. 
For each candidate threshold 𝜏, the validation score is computed as 

𝐽𝑠(𝜏) = 0.50𝐹1,𝑠(𝜏) + 0.30𝐵𝐴𝑐𝑐𝑠(𝜏) + 0.20𝑀𝐶𝐶𝑠(𝜏), 

 
where 𝐹1,𝑠, 𝐵𝐴𝑐𝑐𝑠 , and 𝑀𝐶𝐶𝑠denote the F1-score, balanced accuracy, and Matthews correlation coefficient 

for sector 𝑠, respectively. 
The optimal sector-specific threshold is selected as 

𝜏𝑠
∗ = 𝑎𝑟𝑔 𝑚𝑎𝑥 𝜏 ∈ 𝑇  𝐽𝑠(𝜏). 

The final prediction is calculated as 

𝑐̂𝑖
𝑠 = {

1, 𝑦̂𝑖
𝑠 ≥ 𝜏𝑠

∗,

0, 𝑦̂𝑖
𝑠 < 𝜏𝑠

∗.
 

The selected threshold is applied unchanged to the corresponding test set, and no test-set information is 
used during threshold selection. 
3.13 Repeated Experimental Evaluation 
To reduce the influence of random initialization and stochastic optimization, each experiment is repeated 
using multiple random seeds. For an evaluation metric 𝑀, the mean result is calculated as 

𝑀‾ =
1

𝑅
∑ 𝑀𝑟

𝑅

𝑟=1

, 

 
where 𝑅is the number of repeated runs. The standard deviation is calculated as 

𝜎𝑀 = √
1

𝑅 − 1
∑(𝑀𝑟−𝑀‾ )2

𝑅

𝑟=1

. 

The results are reported as 
𝑀‾ ± 𝜎𝑀 . 

This evaluation procedure provides a more reliable assessment than reporting the result of a single 
experimental run. 
 

4. Results and Discussion 
 

4.1 Experimental Setup 
Three publicly accessible datasets covering diverse application domains; finance, healthcare, and urban 
planning—were used to assess the suggested Personalized FedProx framework. The urban dataset was 
utilized for next-hour environmental risk forecasting, the healthcare dataset for patient risk prediction, and 
the finance dataset for binary credit-risk prediction. While sector-specific preprocessing and target 
generation were carried out locally, the same preprocessing approach, model architecture, and evaluation 
protocol were used across all sectors to guarantee a fair comparison. 
Each experiment was repeated with five random seeds to lessen the impact of random initialization and 
stochastic optimization. In order to maintain the chronological order of the data and avoid information 
leakage from subsequent observations into the training process, a rolling temporal evaluation with three 
sequential folds was used because the urban dataset contains temporal observations. As a result, 15 
separate experimental runs were used to analyze each method–sector combination. The final results are 
shown as the mean ± standard deviation of the corresponding evaluation metrics. 
The PyTorch deep learning framework was used to implement each experiment in Python. A workstation 
with an Intel Core i7 processor, 16 GB RAM, and an NVIDIA GeForce GTX 1660 Ti Max-Q GPU (6 GB VRAM) 
with CUDA acceleration was used for model training. The Adam optimizer with balanced focal loss and 
FedProx regularization was used to train the Personalized FedProx framework. Adaptive sector-weighted 
aggregation was used to update the shared residual backbone between communication rounds.  
Several performance metrics, such as Accuracy, Balanced Accuracy, Precision, Recall, Specificity, F1-score, 
Matthews Correlation Coefficient (MCC), Receiver Operating Characteristic Area Under the Curve (ROC-
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AUC), and Precision–Recall Area Under the Curve (PR-AUC), were used to compare the suggested 
framework with the Sector FedAvg baseline. To assess the resilience and discriminative power of the 
suggested framework across the three application areas, confusion matrices, ROC curves, and repeated-run 
performance statistics were examined in addition to quantitative performance comparison. 
4.2 Federated Training Convergence 
The convergence behavior of the Sector FedAvg baseline and the suggested Personalized FedProx 
framework during federated training is shown in Figure 3. Both approaches quickly increase their 
validation performance during early communication rounds, suggesting that collaborative learning 
successfully captures transferable representations across three application domains. The rate of progress 
slows down when both models get closer to convergence around the tenth communication round. 
Nevertheless, the suggested framework keeps showing steady improvements in performance and 
eventually reaches a better validation score (about 0.655) than Sector FedAvg (around 0.644). Combining 
sector-specific personalization with FedProx regularization stabilizes optimization under heterogeneous 
data distributions, as seen by the smoother convergence trend and decreased performance fluctuations. 
These results imply that the suggested approach retains domain-specific information through private 
model components while learning more generalized common representations. 

 
Figure 3. Mean validation score during federated training over 25 communication rounds. 
 
4.3 Experimental Performance Overview 
The proposed personalized cross-sector federated learning system was compared to Sector FedAvg for 
banking, healthcare, and urban risk forecasting tasks. Each approach was evaluated using five random seeds 
and three rolling urban folds, yielding 15 experimental runs for each method-sector combination. The 
performance was assessed using accuracy, balanced accuracy, precision, recall, specificity, F1-score, 
Matthew’s correlation coefficient, ROC-AUC, and PR-AUC. 
Table 1 shows the mean ± SD of the proposed Personalized FedProx framework and Sector FedAvg across 
15 trial runs. Overall, the proposed strategy delivered competitive results in all three areas. In the finance 
industry, both techniques yielded similar results, with the proposed framework exhibiting small gains in 
accuracy, MCC, ROC-AUC, and PR-AUC. In healthcare, the suggested strategy enhanced overall accuracy 
while maintaining similar balanced accuracy, ROC-AUC, and PR-AUC to the baseline, indicating that the 
prediction task remained tough. The most significant benefits were seen in the urban area, where the 
suggested framework consistently outperformed all assessment criteria, particularly ROC-AUC and PR-AUC. 
These findings indicate that the personalized design efficiently protects sector-specific traits while using 
cross-sector collaborative learning. 
 
Table 1. Mean ± standard deviation results across 15 runs. 

Method Sector Accuracy Balanced 
Accuracy 

F1-
score 

MCC ROC-
AUC 

PR-AUC 

Proposed 
Personalized 
FedProx 

Finance 0.8893 ± 
0.0172 

0.8193 ± 
0.0108 

0.7341 ± 
0.0287 

0.6681 
± 
0.0432 

0.9027 
± 
0.0091 

0.8178 
± 
0.0240 
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Proposed 
Personalized 
FedProx 

Healthcare 0.5686 ± 
0.0579 

0.5017 ± 
0.0038 

0.2729 ± 
0.1431 

0.0053 
± 
0.0108 

0.5017 ± 
0.0043 

0.3509 ± 
0.0048 

Proposed 
Personalized 
FedProx 

Urban 0.5430 ± 
0.0966 

0.5707 ± 
0.0414 

0.5064 
± 
0.0621 

0.1559 
± 
0.0708 

0.6227 
± 
0.0360 

0.4872 
± 
0.0460 

Sector FedAvg Finance 0.8871 ± 
0.0265 

0.8229 ± 
0.0183 

0.7355 
± 
0.0436 

0.6668 ± 
0.0624 

0.9014 ± 
0.0167 

0.8164 ± 
0.0457 

Sector FedAvg Healthcare 0.5257 ± 
0.0977 

0.5032 ± 
0.0046 

0.3128 
± 
0.1919 

0.0051 ± 
0.0138 

0.5030 
± 
0.0044 

0.3515 
± 
0.0047 

Sector FedAvg Urban 0.5383 ± 
0.0976 

0.5659 ± 
0.0539 

0.5045 ± 
0.1049 

0.1404 ± 
0.0922 

0.6017 ± 
0.0566 

0.4567 ± 
0.0662 

 
Table 2 summarizes the performance improvement of the proposed framework over Sector FedAvg across 
15 runs. The greatest improvement was shown in healthcare accuracy (+0.0429), but advances in other 
healthcare indicators were restricted, showing that higher accuracy did not result in significantly better 
class discrimination. In the finance industry, the mean improvements were small, indicating that both 
techniques produced almost comparable results. The urban sector showed the most consistent increases, 
especially in ROC-AUC (+0.0211) and PR-AUC (+0.0305), with the suggested framework outperforming the 
baseline in 60% and 73.33% of runs, respectively. Overall, the findings show that the proposed Personalized 
FedProx framework provides sector-specific enhancements, with the highest impact for urban risk 
forecasting while preserving competitiveness in banking and healthcare. 
 
Table 2. Performance gain of the proposed method over Sector FedAvg across 15 runs. 

Metric Sector Mean Gain Standard Deviation of Gain Positive Runs (%) 
Accuracy Finance +0.0022 0.0326 53.33 
Accuracy Healthcare +0.0429 0.0737 73.33 
Accuracy Urban +0.0047 0.0892 46.67 
Balanced Accuracy Finance −0.0036 0.0212 33.33 
Balanced Accuracy Healthcare −0.0016 0.0051 40.00 
Balanced Accuracy Urban +0.0048 0.0484 53.33 
F1-score Finance −0.0013 0.0535 46.67 
F1-score Healthcare −0.0399 0.1269 26.67 
F1-score Urban +0.0019 0.0882 33.33 
MCC Finance +0.0012 0.0779 53.33 
MCC Healthcare +0.0002 0.0174 46.67 
MCC Urban +0.0155 0.0776 46.67 
ROC-AUC Finance +0.0013 0.0189 40.00 
ROC-AUC Healthcare −0.0013 0.0059 33.33 
ROC-AUC Urban +0.0211 0.0592 60.00 
PR-AUC Finance +0.0014 0.0532 40.00 
PR-AUC Healthcare −0.0006 0.0051 40.00 
PR-AUC Urban +0.0305 0.0505 73.33 

 
The mean performance boost attained by the suggested Personalized FedProx framework over Sector 
FedAvg across the three application domains is shown graphically in Figure 4. With gains remaining near 
zero for all evaluation parameters, the finance sector shows very slight variations between the two 
approaches, suggesting similar predictive performance. The healthcare industry, on the other hand, exhibits 
the most improvement in overall accuracy (+0.043). However, negative gains in Balanced Accuracy, F1-
score, ROC-AUC, and PR-AUC indicate that the rise in accuracy did not correlate with stronger class 
discrimination. All evaluation metrics show positive growth in the urban sector, with MCC (+0.015), ROC-
AUC (+0.021), and PR-AUC (+0.030) showing the most consistent improvements. These results show that 
the suggested personalized federated learning architecture maintains competitive performance in the 
financial and healthcare industries while being particularly successful for temporally developing urban-risk 
prediction. 
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Figure 4. Mean performance gain of the proposed Personalized FedProx framework over Sector FedAvg 
across finance, healthcare, and urban sectors. 
 
4.4 Financial Risk Forecasting Results 
The financial sector had the best overall performance of the three application domains. The suggested 
Personalized FedProx approach had an accuracy of 0.8893±0.0172, balanced accuracy of 0.8193±0.0108, 
F1-score of 0.7341±0.0287, MCC of 0.6681±0.0432, ROC-AUC of 0.9027±0.0091, and PR-AUC of 
0.8178±0.0240. 
These findings suggest that the financial objective includes adequately informative links between borrower 
attributes and the original loan-status target. The strong ROC-AUC indicates that the learnt model can 
effectively score hazardous and non-risky borrowers over a variety of thresholds. The relatively high PR-
AUC is particularly noteworthy because only about 21.9% of the financial observations are positive, making 
the job moderately imbalanced. 
Compared to Sector FedAvg, the proposed technique increased mean accuracy by 0.0022, MCC by 0.0012, 
ROC-AUC by 0.0013, and PR-AUC by 0.0014. However, its balanced accuracy dropped by 0.0036 and its F1-
score fell by 0.0013.  
These variations are relatively minor. As a result, the financial outcomes should not be interpreted as a 
decisive advantage of the proposed strategy. Instead, they propose that the personalized architecture-
maintained performance comparable to the sector-specific baseline while allowing for cross-sector sharing. 
The most plausible view is that customization and FedProx prevented huge negative transfers but did not 
result in a significant predictive advantage for finance. 
The positive-run percentages back up this cautious assessment. The suggested model improved financial 
accuracy in 53.3% of runs, MCC in 53.3%, ROC-AUC in 40%, and PR-AUC in 40%. Its balancing accuracy 
improved in just 33.3% of runs. Thus, the financial gains varied between seeds and folds. 
4.5 Healthcare Risk Prediction Results 
The proposed technique achieved a mean healthcare accuracy of 0.5686±0.0579, compared to 
0.5257±0.0977 for Sector FedAvg. This translates into an average accuracy improvement of 0.0429, or about 
4.29 percentage points. In 73.3% of the experimental runs, the proposed technique performed better than 
the baseline in terms of healthcare accuracy. 
This is the most significant accuracy improvement among the three areas. The suggested model 
significantly lowered the variability of healthcare accuracy from 0.0977 under Sector FedAvg to 0.0579, 
demonstrating more consistent performance over multiple runs. 
However, the remaining healthcare data indicate that the task was not learned adequately. The suggested 
framework achieved a balanced accuracy of 0.5017±0.0038, MCC of 0.0053±0.0108, and ROC-AUC of 
0.5017±0.0043. These values are similar to random classification. 
The F1-score was 0.2729±0.1431, lower than the Sector FedAvg of 0.0399 on average. The proposed 
strategy resulted in a higher healthcare F1-score in only 26.7% of runs. It also demonstrated modestly 
negative increases in balancing accuracy, ROC-AUC, and PR-AUC. 
The rise in ordinary accuracy should not be taken as a general improvement in healthcare-risk 
discrimination. Because accuracy can improve with changes in the projected class distribution, it may mask 
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poor minority-class recognition. The model's capacity to identify high-resource-risk patients from lower-
risk patients is restricted, as seen by a near-zero MCC and a ROC-AUC of 0.50. 
The nature of the built target is one plausible explanation. The healthcare risk label is calculated using the 
length of stay, billing amount, and abnormal test status, but the direct target components are eliminated 
from the input features. This leakage-safe design is methodologically sound, but it presents a severe indirect 
prediction difficulty. The remaining demographic, admission, insurance, and clinical categorical factors may 
not provide enough predictive information to accurately rebuild the composite resource-risk score.  
The substantial standard deviation of the healthcare F1-score suggests threshold instability. Despite the 
fact that ROC-AUC remains consistently near to 0.50, the threshold used for validation may result in very 
varied precision-recall trade-offs among random partitions. As a result, the healthcare data show that poor 
discrimination is more stable than excellent risk predicting. 
4.6 Urban Risk Forecasting Results 
The urban sector performed about averagely. The suggested technique achieved an accuracy of 
0.5430±0.0966, balanced accuracy of 0.5707±0.0414, F1-score of 0.5064±0.0621, MCC of 0.1559±0.0708, 
ROC-AUC of 0.6227±0.0360, and PR-AUC of 0.4872±0.0460. The proposed framework outperformed Sector 
FedAvg on all six reported mean measures for the urban sector. Gains were Accuracy: +0.0047; balanced 
accuracy: +0.0048; F1-score: +0.0019; MCC: +0.0155; ROC-AUC: +0.0211; and PR-AUC: +0.0305. The 
proposed model had a higher urban ROC-AUC in 60% of runs and a higher PR-AUC in 73.3% of them. 
The most significant improvements are in ROC-AUC and PR-AUC. The ROC-AUC increased from around 
0.602 to 0.623, indicating that the shared residual backbone and sector-specific adaptor enhanced the 
ranking of next-hour PM2.5 increase occurrences. The PR-AUC improvement is especially significant 
because positive-class proportions differed across temporal folds. 
The rolling folds show substantial shifts in class distribution. The test positive rates were around 38.8%, 
29.9%, and 39.6% across the three folds, with learnt relative-change thresholds ranging from 0.0392 to 
0.0440. This variation helps to explain the comparatively high standard deviation in urban accuracy. 
The small MCC of 0.1559 and the balanced accuracy of 0.5707 indicate that the urban mission remains 
difficult. Predicting a significant next-hour PM2.5 increase is sensitive to abrupt local changes that may not 
be fully captured by past pollutant measurements alone. Although the constructed lag, rolling, exponential-
moving-average, difference, and cyclical time elements add temporal context, the dataset only includes two 
monitoring stations and 1,341 useable observations. Generalization is limited by the confined spatial and 
temporal coverage. 
Nonetheless, the urban outcomes provide the most compelling evidence that cross-sector tailored sharing 
may have some benefits. Unlike finance, where performance remained almost same, and healthcare, where 
discrimination remained random, the urban sector demonstrated persistent mean increases in all key 
indicators, particularly ranking-based measures. 
Figure 5 shows the confusion matrices generated by the proposed Personalized FedProx framework for the 
three application domains. In the finance sector, the model successfully identified 4,629 lower-risk and 
1,005 higher-risk occurrences, with just 436 false positives and 413 incorrect negatives. The balanced 
distribution of correctly categorized samples shows that the proposed framework efficiently distinguishes 
between low-risk and high-risk borrowers, which is supported by the high ROC-AUC presented in Table 1. 
4.7 Confusion Matrix Analysis 
The healthcare confusion matrix demonstrates a significant difference in behavior. The program accurately 
classified almost all lower-risk patients (7,154), but only five higher-risk cases, misclassifying 3,835 higher-
risk patients as lower-risk. This explains the poor MCC and ROC-AUC values presented in Table 1, indicating 
that the healthcare prediction problem remains extremely difficult, despite improvements in overall 
accuracy. The substantial class imbalance and leakage-safe structure of the healthcare target all contribute 
to this conservative prediction behavior. 
The confusion matrix in urban forecasting is more balanced than in healthcare. The suggested framework 
properly recognized 76 lower-risk and 47 higher-risk events, but incorrectly classified 46 lower-risk and 
33 higher-risk observations. Although prediction errors persist, the model shows a good ability to 
discriminate future pollution-risk events, which supports the reported increases in balanced accuracy, ROC-
AUC, and PR-AUC. 
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Figure 5. Confusion matrices of the proposed Personalized FedProx framework for (a) Finance, (b) 
Healthcare, and (c) Urban risk prediction. 
 
4.8 ROC Curve Analysis 
Figure 6 compares the ROC curves from the three application domains. The finance industry has the biggest 
area under the curve, showing strong discrimination between low-risk and high-risk borrowers at various 
decision thresholds. This observation is consistent with the ROC-AUC value of about 0.90 presented in Table 
X, indicating that the suggested framework provides solid financial risk prediction.  
The healthcare ROC curve is near to the diagonal reference line, indicating that the classifier has limited 
discriminative capacity for the designed healthcare-risk target. This behaviour is consistent with a ROC-
AUC value of around 0.50, indicating the difficulty of forecasting the composite healthcare-risk label using 
existing patient data. 
The urban ROC curve is above the random classifier and has a considerably larger area than the healthcare 
curve, indicating moderate discriminative skill. Although urban prediction remains more challenging than 
finance, the higher ROC-AUC over Sector FedAvg suggests that customized federated learning helps 
temporally changing environmental data by enhancing the ranking of future pollution-risk occurrences. 

 
Figure 6. Receiver operating characteristic (ROC) curves of the proposed Personalized FedProx framework 
for the Finance, Healthcare, and Urban sectors. 
 
4.9 Comparison of ROC-AUC Across Sectors 
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Figure 7 shows the mean ROC-AUC values with standard deviation error bars. The financial sector had the 
highest ROC-AUC for both techniques, at around 0.903 for the suggested methodology and 0.901 for Sector 
FedAvg. The healthcare ROC-AUC values were at 0.502 and 0.503, indicating that neither technique achieved 
meaningful discrimination. In the urban sector, the proposed technique had a much higher mean ROC-AUC 
of roughly 0.623 than Sector FedAvg, which was around 0.602. 

 
Figure 7. Mean ROC-AUC comparison between the proposed Personalized FedProx framework and Sector 
FedAvg across finance, healthcare, and urban-risk forecasting tasks. Error bars represent the standard 
deviation over five random seeds and three rolling urban folds. 
 
Figure 7 indicates that predicted discrimination varies significantly between sectors. In the financial 
challenge, both techniques achieved high ROC-AUC values, showing that positive and negative loan-risk 
instances could be reliably separated. In contrast, the healthcare ROC-AUC stayed near 0.50, indicating that 
the available input features were insufficient to forecast the leakage-safe composite healthcare goal. The 
suggested strategy showed the greatest ROC-AUC improvement in the urban sector, where individualized 
adaptation and adaptive cross-sector aggregation raised the mean ROC-AUC from around 0.602 to 0.623. 
4.10 Balanced-Accuracy Comparison 
The balanced-accuracy figure gives a threshold-dependent comparison that equally considers both classes. 
Finance once again delivered the best results, with a balanced accuracy of 0.8193 for the proposed 
technique and 0.8229 for Sector FedAvg. Healthcare remained close to 0.50 across both methods. The 
proposed technique increased urban balanced accuracy slightly, from 0.5659 to 0.5707. 
Figure 8 shows that the suggested framework did not consistently increase threshold-dependent 
classification performance. The finance baseline had somewhat greater balanced accuracy than the 
proposed method, however both healthcare models performed similarly to random classification. The 
urban sector showed minimal progress. These findings show that the suggested method's primary benefit 
is in maintaining cross-sector collaboration and boosting urban ranking performance, rather than attaining 
universal advances in class-level accuracy. 

 
Figure 8. Mean balanced-accuracy comparison between the proposed Personalized FedProx framework 
and Sector FedAvg. Error bars show standard deviations across the repeated experiments. 
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4.11 Discussion of the Proposed Architecture 
The experimental evidence somewhat backs up the motivation for the proposed architecture. The learnt 
sector-specific input adapters enable datasets with varying feature dimensions to enter a shared residual 
backbone, whilst the private residual adapters and prediction heads maintain sector specialization. Only 
the shared backbone is aggregated across sectors, with values of 0.30, 0.35, and 0.35 for banking, 
healthcare, and urban data, respectively. However, the data do not back up the assertion that the proposed 
technique regularly outperforms Sector FedAvg. Its advantages vary on the sector: Finance and healthcare 
performed similarly, with higher ordinary accuracy but no significant discriminative improvement. Urban 
areas showed modest but continuous mean gains, particularly in ROC-AUC and PR-AUC. The key 
contribution should thus be presented as a cross-sector personalized federated framework that limits 
negative transfer and provides selective benefits across disparate areas, rather than as a generally superior 
forecasting model. The gain analysis is especially essential. Out of the 18 sector-metric comparisons, the 
proposed approach resulted in positive mean increases in 12 cases, however several improvements were 
minor and happened in less than half of the runs. As a result, statistical significance testing would 
strengthen the analysis. A paired Wilcoxon signed-rank test or paired t-test could be used to compare the 
15 matched runs for each sector and measure. 
 

5. Limitations and Future Directions 
One of the primary challenges is the heterogeneity of distributed datasets across finance, healthcare, and 
urban planning. Organizations typically collect, store, and manage data using different formats, feature 
representations, governance policies, and quality standards, resulting in non-independent and identically 
distributed (non-IID) data [30], [31]. Previous studies have emphasized that standardized data governance 
frameworks, explainable analytics, and scalable data integration mechanisms are essential for improving 
collaborative artificial intelligence systems and supporting reliable decision-making across heterogeneous 
environments [32] – [35]. Additionally, trust among participating organizations remains a major concern 
because institutions may be reluctant to collaborate without transparent governance and robust security 
guarantees [36] – [39]. Future research should therefore integrate federated learning with advanced 
privacy-preserving technologies such as differential privacy, secure multi-party computation, 
homomorphic encryption, blockchain-enabled auditing, and secure edge communication architectures to 
improve resilience while maintaining model utility and regulatory compliance [40] – [45]. 
Interpretability also remains a significant challenge for cross-sector risk forecasting. Decisions generated 
by AI models frequently influence financial investment strategies, healthcare interventions, insurance risk 
assessment, disaster preparedness, and urban infrastructure planning [46] – [49]. Although deep neural 
networks often outperform conventional machine learning algorithms, their black-box nature limits 
transparency and reduces stakeholder confidence. Decision-makers increasingly require interpretable 
predictions that clearly explain the factors influencing risk estimates [50] – [53]. Recent studies have 
demonstrated the value of explainable artificial intelligence in healthcare analytics, predictive medicine, 
precision agriculture, and intelligent decision-support systems for improving transparency, accountability, 
and user trust [54] – [57]. 
The proposed framework also focuses primarily on structured numerical information, whereas practical 
cross-sector risk forecasting increasingly depends on multimodal and continuously evolving data sources 
[51, 56]. Financial transactions, electronic health records, medical imaging, genomic profiles, wearable 
devices, IoT sensors, satellite imagery, environmental monitoring systems, transportation networks, and 
textual policy documents collectively provide complementary information for comprehensive risk 
assessment [58]–[63]. Recent advances in precision medicine, multi-omics integration, wearable health 
analytics, predictive intelligence, and environmental data analytics demonstrate that multimodal learning 
substantially improves prediction performance and supports more personalized decision-making [64] – 
[68]. 
Scalability also represents an important research challenge. As federated learning networks expand to 
include hundreds or thousands of participating organizations, communication overhead, synchronization 
latency, client heterogeneity, and resource constraints become increasingly significant. Smart city 
ecosystems continuously generate massive real-time data streams from edge devices, intelligent 
transportation systems, healthcare monitoring platforms, financial markets, and environmental sensors 
[69] – [71]. Developing communication-efficient optimization algorithms, adaptive client selection 
strategies, model framework, asynchronous aggregation techniques, and resource-aware edge intelligence 
will therefore be essential for enabling scalable, decision-making, and real-time cross-sector risk 
forecasting [72] – [75].  
A previous study by Rahman et al. [76] also demonstrated the application of predictive analytics and 
machine learning to drug discovery and disease surveillance, highlighting the potential of data-driven 
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models for forecasting complex outcomes. In another study, Rahman et al. [77] integrated data analytics 
and machine learning into health informatics to examine clinical outcomes and pharmaceutical 
prescription patterns, providing a healthcare-focused basis for predictive risk modeling. Furthermore, Das 
et al. [78] explored IoT and big-data integration for real-time monitoring and decision-making in agro-food 
systems, demonstrating how distributed data sources can support resource management and predictive 
decision processes. In conclusion, these previous studies demonstrate a strong foundation in predictive 
analytics, machine learning, health informatics, and distributed data systems, providing a clear basis for 
extending this expertise toward federated machine learning for privacy-preserving, cross-sector risk 
forecasting in finance, healthcare, and urban planning. 
 

6. Conclusion 
This study described a personalized federated learning system for collaborative risk forecasting in diverse 
financial, healthcare, and urban planning sectors. Unlike traditional federated learning approaches, which 
rely on fully shared models, the proposed framework combines sector-specific input adapters, a shared 
residual backbone, private residual adapters, and task-specific prediction heads to balance collaborative 
knowledge transfer with domain-specific specialization. Furthermore, adaptive sector-weighted 
aggregation and FedProx regularization were used to increase optimization stability in the presence of 
heterogeneous data distributions while conserving sector-specific information. 
The framework was tested on publically available datasets using a repeated experimental approach with 
five random seeds and three rolling temporal folds for the urban dataset. Experimental results showed that 
the suggested technique performed similarly to the Sector FedAvg baseline in financial risk forecasting 
while offering consistent improvements in urban forecasting, particularly in ROC-AUC and PR-AUC. In 
healthcare, the suggested framework improved overall classification accuracy, but the prediction job 
remained difficult due to the leakage-safe composite objective and the limited discriminative information 
provided in the input features. Overall, the findings show that personalized federated learning can 
effectively promote collaborative learning across diverse domains while lowering the risk of negative 
transfer that comes with completely shared federated models. 
Although the suggested approach yields promising findings, numerous drawbacks remain. The evaluation 
only looked at three application fields and binary risk prediction tasks, although healthcare performance 
suggests that further clinical features or other target formulations may be needed for better discrimination. 
Future research will look into dynamic aggregation strategies, attention- or transformer-based shared 
backbones, explainable federated learning, statistical significance analysis across repeated experiments, 
and the application of the proposed framework to new domains and multiclass risk prediction problems. 
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