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Abstract—Today’s smartphones have sensors that enable mon-
itoring and collecting data on users’ daily activities, which may
be converted into behavioral indicators of users’ health and
well-being. Although previous research has used passively sensed
data through smartphones to identify users’ mental health state,
including loneliness, anxiety, depression, and even schizophrenia,
the issue of user data privacy in this context has not been
well addressed. Here we focus on the feeling of loneliness,
which, if persistent, is associated with a number of negative
health outcomes. While modern artificial intelligence technology,
specifically machine learning, can assist in detecting loneliness or
depression, current approaches have applied machine learning
to centrally collected user data at a single location with the
potential to compromise user data privacy. To address the issue of
privacy, we investigated the feasibility of using federated learning
on single user data to identify loneliness collected by different
smartphone sensors. Federated learning can help protect user
privacy by avoiding the transmission of sensitive data from
mobile devices to a central server location. To evaluate the
federated method’s performance in detecting loneliness, we also
trained models on all user data using a centralised machine
learning approach and compared the results. The results indicate
that federated learning has considerable promise for detecting
loneliness in a binary classification problem while maintaining
user data privacy.

Index Terms—mHealth, sensing, wearables, privacy, loneliness,
federated learning

I. INTRODUCTION

Loneliness has been a global concern over the last several

decades, with many seeing it as the primary source of unhap-

piness in their life [1]. Loneliness is stated as a condition in

which a person has a quantitative or qualitative absence of

social connections [2]. Loneliness has a variety of negative

health impacts, ranging from insomnia to increased anxiety,

depression, and weakened immune function. It is a common

problem that most people experience at some stage in their

This work has been funded by SFI Centre for Research Training in
Advanced Networks for Sustainable Societies (ADVANCE CRT), which is
a part of Science Foundation Ireland.

lives; however, it can be very distressing, especially when this

problem becomes chronic [3]. Additionally, it is associated

with poor cardiovascular and cognitive health. Loneliness

has been linked to a 40% increase in the risk of dementia

[4]. These negative consequences led the United States’ 17th

Surgeon General to warn that one of the major health concerns

confronting Americans is an ”epidemic of loneliness” [5].

Identifying that a person is lonely is crucial for reducing

loneliness. However, loneliness detection can be challenging.

In recent years, smartphones have shown potential as eco-

logically viable instruments for predicting one’s behavior and

mental well-being. Sensors in these smartphones have created

the possibility of transforming them into a robust health

tracking system. Our scoping review on loneliness detection

through passive sensing [6] considered the insight that the

sensors’ data streams provided by smartphones can be utilized

to monitor users’ daily lives and behaviors, which can then be

used as markers of mental health.

This has opened up new avenues for researchers to use

smartphones as passive sensing devices to determine an in-

dividual’s mental well-being. Passive sensing refers to the

practice of gathering data in the background using the multiple

sensing capabilities of smartphones and other wearable devices

without the user’s active engagement. Smartphones can collect

large volumes of data about a user’s behavioral patterns, which

may be turned into bio-indicators of the user’s mental and

physical health.

Prior research has used machine learning approaches in

combination with a number of clinical loneliness scales to

detect loneliness in individuals using passively collected data

through their smartphone sensors. The majority of studies em-

ployed a traditional machine learning model training process,

in which all data from multiple participants is collected at a

single server, which trains the model on the whole data set [7,

8, 9]. The primary drawback of this technique is that sensitive

data about users is collected at a single location, jeopardizing
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their privacy in the event of a data breach or by potentially

allowing others to access this data. In contracts, we applied

a federated learning technique in this work to train individual

machine learning models using each user’s data locally (e.g.

on their smartphone). The key benefit of this approach is that it

safeguards a user’s privacy by sharing just a subset of training

results with a central server and transmitting no private or

sensitive data to the server, such as data about a user’s identity

or smartphone usage.

We discuss past research on loneliness detection through

passive sensing, present our federated learning method and

architecture, and the results from different algorithms used

for loneliness detection through federated learning. We em-

pirically evaluate the efficacy of using federated learning in

detecting loneliness using data acquired passively via smart-

phone sensors. A subset of the StudentLife dataset [10] has

been used for this purpose with 4 different binary classifiers

in a federated learning environment using the Flower frame-

work [11]. Flower is a user-friendly framework designed for

implementing federated learning systems. We also trained the

same models in a centralised machine learning environment

to evaluate the performance of federated versus centralised

methods for loneliness detection using passive sensing data.

Random Forest performed the best in centralised machine

learning models, with an accuracy of 85%, followed by the

XGBoost (83%) support vector machine (78.5%) and logistic

regression (73%). In the case of the federated learning ap-

proach, XGBoost performed best with an accuracy of 77.5%,

followed by random forest (72%), SVM (68%), and logistic re-

gression (51%). While in this initial study centralised learning

achieves better detection accuracy than federated learning, the

difference is not large, suggesting that the privacy preserving

federated learning approach bears the potential to close the gap

to centralised learning performance with further development.

II. RELATED WORK

Past research using passive sensing to detect loneliness did

not focus sufficiently on data privacy. We have examined

the existing literature for loneliness detection through passive

sensing in our review article with various aspects of these stud-

ies, especially population, privacy, and validation issues [6].

Among the works we reviewed, the following are examples

that did not specifically consider user privacy. Sanchez et al.

[12] utilized machine learning to infer the level of loneliness

in 12 older persons who spent one week using a mobile

app. The phones’ call logs and global positioning system

(GPS) coordinates were gathered. The authors developed four

centralised machine learning models, for family loneliness,

spousal loneliness, societal loneliness, and existential crises,

with estimated accuracy of 91.6 %, 83.3 %, 66.6 %, and

83.3 %, respectively. But since they used a centralised data

collection approach, data privacy remains a problem with this

approach.

In a similar way, Pulekar et al. [13] adopted a machine

learning strategy to detect loneliness in 9 students by analyzing

data gathered passively via smartphones. They gathered com-

munication data from study participants (call logs, SMS logs,

browsing data, emails, and social media activity) as well as so-

cial interaction data (through Bluetooth and WIFI encounters).

Additionally, they explored the relationship between the Big

Five Personality traits and feelings of loneliness. However, the

sample size was quite small, making generalization to a wider

population difficult. Additionally, as a result of centralised

machine learning model training, all data was gathered at a

single server via participants’ smartphones, jeopardizing their

privacy in case of a data breach.

Doryab et al. [13] passively collected data from 160 users

via smartphone and fitness bands in order to detect loneliness.

They analyzed SMS and call logs, location data, Bluetooth

and WiFi addresses from smartphones, and health data from

fitness trackers. They employed machine learning models to

train and infer individuals’ levels of loneliness. Three methods

of analysis were presented to determine the feasibility of

passively detecting loneliness via smart devices: statistical

analysis (based on UCLA responses), data mining analysis

(presented behavioral patterns using smartphone and fitness

band data), and machine learning analysis (loneliness detection

and change in loneliness level over an academic semester using

smartphone and fitness band data). They detected loneliness

with a high accuracy of 76%. Since the models were trained

on all students’ data at a centralised server, it compromises

the privacy of each student’s personal data.

Other research used passive sensing in a smart home context

to detect loneliness. A smart home can include a variety of

sensors, depending on the application. For instance, numer-

ous studies have used in-home surveillance through video

cameras, while others have used body-worn tags [14, 15].

On the other hand, inexpensive ambient sensors allow for

a more unobtrusive method of monitoring behaviours in the

home without the user’s involvement. Such ambient in-home

sensing has been used for human behaviour learning over

the last few years in which emotions, daily life patterns, or

personality could be related to loneliness levels. Those studies

have also used machine learning approaches to infer different

behavioural patterns of users through the data collected with

ambient sensors. However, the data privacy issue has not been

well addressed in those studies either since all data was also

collected at a central server for detecting loneliness.

All previous research studies relied on centralised machine

learning techniques, which compromises users’ privacy by

transferring data to a central server. The main objective of

this work is to assess if a federated learning strategy, where

learning takes place on a user’s own device that also collects

the data, can achieve similar performance to a centralised

learning strategy that learns on all user’s data at a central

location.

III. METHODOLOGY

A. Federated Learning Architecture

In Federated Learning (FL), each client trains their model

locally on an individual basis. In other words, each client
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TABLE I
SUBSET OF STUDENTLIFE DATASET

Sensors Personality Survey

Activity Openness UCLA
Conversation Consciousness
Location Agreeableness
Calls and SMS Logs Neuroticism
Bluetooth Extraversion

undergoes a unique model training process. Only learnt local

model parameters are forwarded to a trusted server for ag-

gregation into an aggregated global model. The server then

returns to these clients the aggregated global model, and

this process is repeated. In our experiment, we simulate this

process by training local models on each student’s mobile

device using only that device’s data, and then sharing those

local model parameters with a central server for the global

model’s aggregation process.

FL does not store data centrally; rather, it enables users to

train a shared model collectively using their local data [16].

As a result, it inherently ensures data privacy and reduces

transmission costs. The learning activity is often accomplished

through a loose federation of participants (clients) overseen by

a central coordinator (server). Rather than uploading local data

to the server, the clients calculate changes to the shared model

maintained by the server, and only this update is sent. Below

are the steps for a single epoch in FL

1) Due to the fact that the parameters of the global model

and the local models in the clients are randomly ini-

tialized, all of these parameters of local and global

models will be distinct. As a result, the global model

communicates its parameters to the clients prior to the

clients training their local models.

2) Using these parameters, clients begin training their local

models using their own local data.

3) While each client is training its own local model, it

updates its parameters simultaneously. Following the

training process, each client transmits its local model

weights to the global model at a central server. No

private data will leave the client device during this step.

4) The global model takes the average of these parameters

shared by all the clients and sends them back to the

clients for the next iteration as its new weight parame-

ters.

These steps complete one epoch. We can set the number of

epochs to repeat all the above steps again and again to improve

the performance of the global model.

We utilized the Flower framework [11] to construct a

federated learning environment. Aggregation algorithms on the

server side are crucial in FL because they must generate a

global model from the weights of each client without access to

the users’ private data and then share this global model with

each individual client. Flower offers a variety of federation

algorithms for model aggregation on the server side, and

Fig. 1. Federated Learning Architecture: The central server communicates
with the clients without exchanging any private data from clients. Still, the
global model on the server uses the model weights from each client’s local
models to achieve a higher overall performance.

we chose the FedAvg algorithm, which has been frequently

utilized in the literature for classification problems and it has

shown excellent results for different types of data [17].

FedAvg manages the training using a central server that

maintains the shared global model θt, where t is the com-

munication round. FedAvg contains five hyperparameters: the

proportion of clients C for model training, the size of the

local mini-batch B, the number of local epochs on clients

E, a learning rate, and a learning rate decay λ. The FedAvg

algorithm is presented in Algorithm 1, where m = C X k is the

total number of clients participating in the process. We have a

single global model θt and multiple local client level models

θk. All the models have the same model structure but different

parameter values. So based on this, direct model aggregation

can be implemented as described in line 9 of Algorithm 1, in

which all uploaded local models θk are weighted and averaged

based on the ratio nk/n, which is proportional to the amount

of data on each client to generate the global model θt. The

communication between server and clients only consists of the

global model parameters θt and local model parameters θk.

The process starts by initializing the global model θ0
randomly. A FedAvg communication round thus consists of the

following: The server picks a subset of m clients, m = C ·K ≥
1, and sends the current global model θt to all m clients.

Clients then update their local models θk with the new shared

model from the server. After that, each client trains the local

model for E epochs by splitting the local data into batch size

B. After local training, clients then share their locally trained

models θk with the central server. The server then computes

a weighted sum of all received models and generates a new

global model θt. This new global model is then shared again

with all clients.
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Algorithm 1 FedAvg Algorithm. K is the total number of

clients; B is the size of mini-batches, T is the total number

of communication rounds, E is the total local training epochs,

and η is the learning rate

1: Server:
2: Initialise global model θ0
3: for each communication round t=1,2,...T do
4: Select m = C ·K clients, where C ∈ (0, 1)
5: for each Client k=1,2,...m in parallel do
6: Download θt to Client k

7: Do Client k update and receive θk

8: end for
9: Update global model θt ←

∑m
k=1

nk

n θk

10: end for
11:

12: Client k update:

13: Replace local model θk ← θt
14: for local epoch from 1 to E do
15: for batch b ∈ (1, B) do
16: θk ← θk - ηΔ Lk (θk,b)

17: end for
18: end for
19: Return θk

B. Dataset

We have used a subset of the Student Life dataset [10] from

Dartmouth College. This data was collected from 48 students

over a ten-week period. The StudentLife project collected

sensing data from smartphones, including accelerometer, mi-

crophone, light sensor, GPS and Bluetooth. Additionally, the

dataset contains the answers of a mental health survey ad-

ministered to students to ascertain their levels of depression,

stress, and loneliness.

In terms of loneliness measures, the dataset contains scores

on the UCLA loneliness scale [18], a 20-item questionnaire

designed to assess subjective feelings of loneliness. Ten of

these items are positive, while the remainder are negative. This

scale measures loneliness on a scale of 20 to 100, with higher

scores indicating greater levels of loneliness. Scores greater

than 44 indicate a strong sense of loneliness. The lowest score

in the sample data was 25, while the highest score was 64.

C. Data Pre-processing

During data pre-processing, we removed data from students

who did not complete the second loneliness questionnaire, re-

sulting in data from 41 students for our study. We converted the

UNIX timestamps of each sensor data into a human-readable

local date and time format using each participant’s timezone

data. Students engage in a variety of activities throughout the

day, which is why we divided a 24-hour period into three

sessions — day session (9am – 6pm), evening session (6pm

– 12am), and night (12am – 9am). We addressed the training

dataset’s class imbalance using the synthetic minority over-

sampling approach (SMOTE) [19], which creates synthetic

data for the minority class, resulting in a balanced training

data set. This approach has been applied to each student’s data

to handle data imbalance per client basis. To handle missing

values, we first deleted all records containing outliers and then

imputed continuous missing data for each participant using

the median of a particular feature. For categorical data, we

used the mode of that particular feature. Since the feature

scaling has no effect on tree-based algorithms, we scaled the

numerical features for the rest of the algorithms. We utilized

the ”standard scaler” in our models since it transforms the

data in such a manner that it has a mean of zero and standard

deviation of one, and it normalizes the data.

Additionally, we used the Reproducible Analysis Pipeline

for Data Streams (RAPIDS) to calculate behavioral features

for each student [20]. By quantifying the per-participant per-

epoch behavioral patterns (i.e. routines, irregularity, and vari-

ability) in these student data sets using basic counts, stan-

dard deviations, entropy, and regularity index measures, we

generated digital biomarkers (features). For each participant,

all computed features were merged on per epoch level (day,

evening and night). We retrieved 117 features in total from

sensor data; explanations of these features can be found in the

RAPIDS documentation [20, 21]. Categorical features were

converted into integer representation via one-hot encoding.

D. Loneliness Detection Using Centralised Machine Learning

We treated the problem of detecting loneliness as a binary

classification; 1 for lonely and 0 for not lonely. We have

categorized lonely and non-lonely students based on their

UCLA survey scores. Any student with a UCLA overall score

of 44 or higher is considered lonely. We trained four different

binary classifiers using all of the data from 41 students for

centralised machine learning. We employed the algorithms of

logistic regression, random forest, support vector machine, and

XGBoost. We used the 10-cross validation technique for model

evaluation and to calculate accuracy, precision, recall, and F1

Score. The results of the model with the final feature set are

presented in the evaluation section.

E. Loneliness Detection Using Federated Learning

We have evaluated a number of different binary classifiers,

including logistic regression, support vector machine, random

forest and XGBoost [22]. Following our Federated Learning

approach, these models are trained on local clients using each

student’s data set, and then the weights of trained models are

shared with the server for aggregation into a global model.

A total of 41 clients are used for training local models.

Each model is trained for 10 epochs. Initially, model weights

are randomly initialised with a pre-training phase on the

centralised server and then the server shares the model weights

with each of the 41 clients. The clients then train the model for

local epochs in parallel based on their local user data and send

back the new weights to the server. The server then aggregates

the weights and restarts the next epoch.

We assessed accuracy, as measured by the percentage of

correctly classified samples; precision, as measured by the

percentage of classified samples that actually belonged to a

class; recall, as measured by the percentage of class samples

160

 



that were accurately classified, and F1 score as measured by

the harmonic mean of precision and recall [22].

IV. EVALUATION

We formulated the loneliness detection problem as a binary

classification problem with 2 classes based on students’ scores

on the UCLA loneliness scale. Class 0 represents individuals

who are not lonely, while class 1 represents lonely individuals.

Random forest performed the best in terms of accuracy for

the centralised machine learning models, with a score of 85%.

While XGBoost has a slightly lower accuracy of 83%, it has

the highest precision, recall, and F1 score of the any algorithm.

The table II summarizes the performance of all classifiers used

in the centralised machine learning technique.

The performance of different classifiers trained using the

federated learning approach is listed in table III. As shown

in the table, non-linear classifiers XGBoost and random forest

have better performance compared to linear classifiers, such as

logistic regression and support vector machine. In terms of all

evaluation metrics; accuracy, precision, recall and F1 score,

XGBoost is the best performing classifier in FL approach

followed by the random forest, support vector machine and

logistic regression.

The preliminary results from our experiments indicate that

centralised machine learning models outperform federated

learning in general, but the performance of tree-based algo-

rithms in FL is close to that of centralised machine learning

models. The reason for the low performance by FL could be

due to the data heterogeneity problem which may exist in

some clients who are having only single class representation.

Although FL models perform less well overall than centralised

models, they can provide data privacy and a lower communi-

cation cost as they do not transfer raw sensing data from client

devices to the central server, which could be more important

than the best accuracy in certain sensitive scenarios.

TABLE II
PERFORMANCE OF CENTRALISED MACHINE LEARNING MODELS

CLASSIFYING LONELINESS USING A SUBSET FROM THE STUDENTLIFE

DATASET.

Accuracy Precision Recall F1
Score

XGBoost 83% 93% 89% 91.5%
RF 85% 89% 82% 87%
SVM 78.5% 77% 83% 81%
Logistic
Regression

73% 68% 79% 75%

TABLE III
PERFORMANCE OF FEDERATED LEARNING MODELS CLASSIFYING

LONELINESS USING A SUBSET FROM THE STUDENTLIFE DATASET.

Accuracy Precision Recall F1
Score

XGBoost 77.5% 81% 84% 81.5%
RF 72% 61.5% 76% 68%
SVM 68% 58% 71% 67%
Logistic
Regression

51% 43% 61% 56%

V. CONCLUSION AND FUTURE WORK

This paper presented a comparison between centralised

machine learning and federated learning for detecting student

loneliness based on passively acquired mobile sensor data. The

paper’s primary objective was to investigate the feasibility

of utilizing federated learning to identify loneliness based

on smartphone sensor data while maintaining privacy. The

results indicate that while centralised machine learning models

perform better than FL models, federated learning has great

potential for loneliness detection via passive sensing due to

its ability to train models on a user’s device without requiring

the user to share data, thus maintaining privacy. Tree-based

algorithms showed the best performance for both centralised

and FL approaches.

In future work, we will apply various hyperparameter tuning

strategies to FL models in order to increase their performance.

We will also use deep learning methods for model training

and will compare results. Additionally, we will investigate the

importance and relevance of features in federated learning

methods for effectively detecting loneliness. Moreover, we

plan to incorporate other sensor data; phone lock/unlock data,

audio data and app usage data to extract additional features

for loneliness detection.
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