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Abstract
Anxiety disorders (ADs) rank among the most prevalent mental health problems, 
especially in older people. The high risk and prevalence of ADs underscore the 
need for effective mental health care. Artificial intelligence has gained popularity 
in the diagnosis and prediction of medical conditions and diseases, including 
mental health problems. In this study, we developed an adapted bagging ensemble 
machine learning system that can be used for the diagnosis and prediction of ADs 
and can address the challenges posed by extremely imbalanced data from the 
Trinity-Ulster-Department of Agriculture study. Statistical techniques were used 
to identify the risk factors for ADs. Feature selection and feature engineering were 
conducted based on the analysis of biomarker risk factors. Five machine learning 
methods have been used in the developed system to build weak learner submodels, 
yielding promising prediction results. Some risk factors were identified. These 
findings will benefit the early prediction of ADs in our future studies.

Keywords: Anxiety disorder; Bagging ensemble machine learning; Risk factor analysis; 
Diagnosis; Imbalanced data; Aging

*Corresponding author: 
Jinling Wang 
(j.wang@ulster.ac.uk)

Citation: Wang J, Black M, 
Rankin D, et al. A bagging 
ensemble machine learning 
method for imbalanced data to 
predict anxiety disorders and 
analyze risk factors in older 
people: An observational study. 
Artif Intell Health. 2026;3(1):116-137. 
doi: 10.36922/AIH025070009

Received: February 12, 2025

1st revised: June 27, 2025

2nd revised: July 7, 2025

Accepted: July 14, 2025

Published online: September 8, 
2025

Copyright: © 2025 Author(s). 
This is an Open-Access article 
distributed under the terms of the 
Creative Commons Attribution 
License, permitting distribution, 
and reproduction in any medium, 
provided the original work is 
properly cited.

Publisher’s Note: AccScience 
Publishing remains neutral with 
regard to jurisdictional claims in 
published maps and institutional 
affiliations.

https://dx.doi.org/10.36922/AIH025070009
https://orcid.org/0000-0002-2589-275X
https://orcid.org/0000-0002-5140-2566
https://orcid.org/0000-0003-2110-0599
https://orcid.org/0000-0002-8415-4001
https://orcid.org/0000-0002-8825-6654
https://orcid.org/0000-0003-3349-2155
https://orcid.org/0000-0002-9313-909X
https://orcid.org/0000-0003-1604-2216
https://orcid.org/0000-0002-3807-297X
https://orcid.org/0000-0002-4405-4911
https://orcid.org/0000-0002-3841-3252
https://orcid.org/0000-0002-1813-4125
https://orcid.org/0009-0008-9809-1014
https://orcid.org/0000-0003-3540-2272
https://orcid.org/0000-0002-4366-6457
https://orcid.org/0000-0002-1688-9049
https://dx.doi.org/10.36922/AIH025070009
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/


Artificial Intelligence in Health Predict anxiety disorders and risk factors

Volume 3 Issue 1 (2026)	 117� doi: 10.36922/AIH025070009

1. Introduction
Anxiety disorders (ADs) are one of the most common 
mental health issues and are characterized by anticipation 
of future concerns. In the course of our daily lives, 
instances of anxiety are not uncommon. Mild levels of 
anxiety can serve to alert us and sharpen our focus on 
potential dangers in certain situations. ADs encompass a 
group of conditions, such as excessive anxiety, worry, or 
fear, persistent worrying on most days for over 6 months 
without a logical cause, and difficulties in managing these 
feelings, which profoundly affect normal daily functioning. 
Symptoms of ADs include headaches, dizziness, muscle 
tension and aches, bowel problems, sweating, rapid 
heartbeat, and shortness of breath. This paper focuses 
on the diagnosis and prediction of ADs, which include 
five main types: (i) social AD, (ii) obsessive-compulsive 
disorder, (iii) panic disorder, (iv) generalized AD (GAD ), 
and (v) separation AD. The causes of ADs appear to be 
multifactorial, including genetic traits and triggers such as 
traumatic events.1,2

Several studies on the prevalence of ADs in the elderly 
have reported variable results in the incidence rate for 
people aged 55  years and over, which ranges from 1.2% 
to 14.2%.3-6 As the global population ages, the number of 
people over 60 years of age is expected to exceed 2 billion 
by 2050.7 ADs often lead to distress and disability, reducing 
the overall quality of life. They can even pose a mortality 
risk in older adults. They are closely linked to cognitive 
decline, cardiovascular hazards, and other chronic 
illnesses. The mechanisms underlying anxiety in the elderly 
are primarily linked to age-related neuropathology and 
substantial life transitions, including economic hardship, 
retirement, isolation, and bereavement, that typically 
occur later in life. The high prevalence of anxiety-related 
disorders in the population poses a challenge for mental 
health service providers, who try to provide face-to-face 
therapy sessions to those who need them in a timely 
manner.8 This underscores the importance of developing 
effective mental health-care strategies.

Machine learning (ML) and artificial intelligence (AI) 
technologies are becoming increasingly popular in disease 
diagnosis and are particularly important in the field of 
mental health, as there is a global shortage of qualified 
professionals who can handle these issues. The high cost of 
mental health services and the social stigma associated with 
these problems often deter people from seeking assistance. 
If left untreated, ADs can cause functional, mental, 
physical, cognitive, and social impairments. This, in turn, 
may result in decreased quality of life, delayed recovery 
from illness, and increased utilization of medical services.9 
As the availability of more complex health data increases, 

ML and AI methods are becoming increasingly valuable 
for analyzing risk factors to facilitate individualized 
treatment based on a patient’s medical condition. Hence, 
the identification of relevant risk factors and the prediction 
of the prevalence of ADs among the elderly population will 
allow health-care providers to develop targeted strategies 
to reduce the incidence of ADs.

The Trinity-Ulster-Department of Agriculture (TUDA) 
study (ClinicalTrials.gov identifier: NCT02664584) dataset 
was used in our analysis. The main contributions of this 
study include: (i) Exploring and identifying the potential 
risk factors that contribute to the diagnosis of ADs; (ii) 
developing a bagging ensemble system for imbalanced 
data to help in the diagnosis and prediction of ADs; (iii) 
employing a threshold-moving strategy for prediction 
making; (iv) identifying appropriate base submodels 
by comparing the performance of several ML methods 
employed as weak learners in the system. The specific gap 
in identifying potential risk factors was addressed. The 
developed system may serve as a predictor of heightened 
vulnerability to ADs.

2. Related works
ML and AI play an important role in enhancing insights 
into health care, including mental health care, to support 
clinical decision-making. With the increasing availability 
of large amounts of complex data collected from patients 
in the health-care sector, and the ongoing advancements 
in computing power, ML can be used to identify illnesses 
at earlier or prodromal stages. Precision medicine, which 
involves personalized care and treatments tailored by 
health-care professionals based on an individual’s unique 
characteristics, utilizes data to uncover knowledge 
and patterns, enhancing the effectiveness of early 
interventions.10 Various factors, including environment, 
location, population, and medical knowledge, can impact 
the accuracy of data. Therefore, it is necessary to conduct 
appropriate preprocessing of the data to facilitate successful 
decision-making. In health care, ML can be applied in 
numerous ways. ML can aid health-care providers in 
predicting disease risks among patients, forecasting the 
likelihood of hospital re-admission of critically ill patients, 
and anticipating potential disease outbreaks.5 Health-care 
professionals can use ML to help patients in their daily 
activities, aiming to enhance decision-making processes 
and minimize errors. Over time, this not only reduces costs 
but also improves workflow and contributes to the overall 
well-being of individuals. Many approaches have been 
developed in the medical and health field. Several review 
papers within this domain have explored the application of 
ML and AI in mental health across different domains and 
highlighted common gaps, trends, and challenges.11-16
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Ancillon et al.16 conducted a review focusing on the 
detection and prediction of ADs using various bio-signals 
and ML methods. The study provided an overview of the 
advantages and disadvantages of current research efforts, 
intending to offer guidance for future developments in the 
diagnosis of ADs. Notably, random forest (RF) and support 
vector machines (SVM) were two of the most popular ML 
methods, demonstrating promising performance after 
being combined with feature selection. Neural networks 
also achieved good performance and were widely used. 
The review emphasized the importance of features 
and highlighted the benefits of integrating multimodal 
approaches into the context of detecting and predicting 
ADs.

In their 2018 survey, Khan et al.17 analyzed the mental 
state of social media users and made a depression prediction. 
They observed that certain symptoms associated with 
mental illness could be detectable on Twitter, Facebook, 
and web forums. They suggested the use of automated 
methods to identify signs of inactivity and other mental 
health conditions.

Agarwal et al.18 created a new system designed for the 
early detection of mental health disorders using social 
media data, aiming to prevent them from escalating. 
The system tracked communication patterns on social 
networks to facilitate the timely identification of mental 
health issues. The analysis includes preprocessing steps 
such as stemming and stop word removal, feature 
extraction, and classification. Ensemble classifiers 
integrating principles from various models, including 
classifiers from the Bidirectional Gated Recurrent Unit, 
Improved Convolution Neural Network (ICNN), and Deep 
Maxout, were employed. A categorization was performed 
using the extracted characteristics, resulting in promising 
performance.

Nemesure et al.19 presented an ensemble approach by 
combining ML and deep learning to predict psychiatric 
diseases. The study used electronic health records, including 
demographic and biometric data from 4184 undergraduate 
students. The model demonstrated predictive performance 
on a held-out test set with a sensitivity of 0.66 and a 
specificity of 0.7. The six most important features identified 
for predicting GAD were up-to-date vaccinations, control 
examination needed, the use of other recreational drugs, 
pre-hypertension or hypertension, systolic blood pressure, 
and marijuana use. The feature “control examination 
needed” refers to whether the student needed a follow-up 
for any reason.

Shen et al.20 proposed a bagging algorithm, termed 
BPNN-Bagging, that integrates a backpropagation neural 

network for diagnosing GAD. Neuro-inflammatory 
biomarkers, specifically cytokines and S100 calcium-
binding protein B (S100B), were combined in this approach. 
The activation of astrocytes and microglia, which are 
types of glial cells supporting the function of neurons and 
maintaining homeostasis in the central nervous system, 
is induced by the production of GAD-related cytokines, 
while neuronal growth and plasticity can be regulated 
by using S100B. ML techniques were employed to rank 
and classify cytokines and S100B, achieving a 94.47% 
diagnostic accuracy for GAD.

Byeon21 proposed a stacking ensemble approach 
designed to identify high-risk older adults for ADs. Base 
models included RF, SVM, Adaboost, and Light Gradient 
Boosting (GB) methods, whereas XGBoost was used for 
the meta-model. He explored different combinations 
of base models and the meta-model to build stacking 
models. The results showed that after appropriate selection 
of the base model, the predictive performance of the 
stacking ensemble models achieved 87.4% prediction 
accuracy, 85.1% precision, and 87.4% recall. The highest 
risk predictors were identified, such as subjective family 
relations, subjective loneliness, the Self-Esteem Scale, 
family relationship and dissolution instability, instability 
in family support and caregiving, subjective frequency of 
communication with family, and the individual and their 
family’s experience of being a victim of a crime over the 
past year. This underscores a need for a tool capable of 
identifying older adults at high risk of developing ADs and 
managing them effectively.

Henry and Isa22 proposed an implementation of 
ensemble methods using the open-sourced mental illness 
dataset to predict whether IT employees need treatment 
for mental health. Binary particle swarm optimization 
(BPSO) was used for feature selection. The performance 
results of Decision Tree Bagging (DT Bag), Naïve Bayes 
Bagging (NB Bag), and Logistic Regression Bagging 
(LR Bag) were presented. NB Bag obtained the highest 
accuracy performance at 87.86%. Naïve Bayes with BPSO 
feature selection had 88.44% accuracy. Based on these 
results, the ensemble methods, such as NB Bag, did not 
consistently outperform base NB with BPSO in terms of 
prediction accuracy.

The literature suggests that single models such as RF 
and SVM, combined with feature selection, can lead to 
effective diagnosis and prediction of ADs. In ML, ensemble 
techniques aim to enhance predictive results of models 
by combining predictions from multiple models, rather 
than using a single model. This approach reduces variance 
within a noisy dataset and addresses bias to improve 
the accuracy of models, while handling bias-variance 
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trade-offs. Ensemble methods can combine models in 
two ways: A  homogeneous or a heterogeneous ensemble 
model. A  homogeneous ensemble model uses a single-
base ML model across all submodels. A  heterogeneous 
ensemble model uses multiple different base ML models 
for each submodel. The benefits of ensemble learning 
include increased reliability and stability in predictions. 
Boosting, bagging, and stacking are the three most popular 
ensemble models.23

In both stacking and bagging (known as bootstrap 
aggregation), multiple weak learners are trained in 
parallel. Bagging involves a simple voting mechanism 
to sum the output of each weak learner to compute the 
final prediction, typically with each weak learner being of 
the same type. In contrast, stacking uses a meta-learner 
trained on the predictions of previous weak learners to 
output the final prediction, and its weak learners are 
usually of different types. Stacking ensemble models tends 
to perform better when the individual models are stacked 
appropriately, and the designed stacking model, which 
combines different base models and the meta-model, can 
achieve the best predictive performance. In both bagging 
and stacking methods, the input data is randomly sampled 
with replacement from the original dataset, allowing 
some instances to be used repeatedly during the training 
stage.24 However, boosting learns  multiple weak learners 
sequentially, where each subsequent model assigns more 
weight to the data points misclassified by the previous 
weak learners. The weak learners can focus on specific data 
points and jointly reduce prediction bias.

Although state-of-the-art ML and AI techniques have 
been used in several studies for mental health problems, 
more efforts need to be made in this field. AI and ML can 
be promising solutions for precision medicine tailored to 
the needs of individual patients.

 An analysis of both univariate and multivariate risk 
factors, conducted on the TUDA dataset, is described 
in the following sections. The results were then used for 
feature selection and feature engineering. The structure 
of the proposed approach is illustrated. The predictive 
performance, including specificity, sensitivity, accuracy, and 
Matthew’s correlation coefficient (MCC),25 was compared 
among adopted weak learners such as RF, SVM, multilayer 
perceptron (MLP), GB, and Linear regression (LR), 
and also compared to the results of the base approaches 
embedded oversampling technique. Efforts were made to 
develop an adapted bagging ensemble ML method for the 
prediction of ADs with the extremely imbalanced Hospital 
Anxiety and Depression Scale (HADs) variable of ADs 
diagnosis.

3. Methods
3.1. TUDA dataset

The TUDA cohort consists of detailed sociodemographic, 
lifestyle, biochemical, clinical, health, and nutritional 
data on 5186 older people aged between 60 and 102 years 
who were born on the island of Ireland (Figure  1 for 
details). Other relevant published works7,26,27 also provide 
details regarding this dataset. Conducted between 2008 
and 2012, the study recruited participants from general 
practice clinics or hospital outpatient departments in the 
Republic of Ireland or Northern Ireland. Standardized 
protocols were used for sampling, data assessment, data 
recording, and centralized laboratory analysis across 
participants. The inclusion of participants without 
diagnosed dementia and the collection of non-fasting 
blood samples allowed for the measurement of a broad 
spectrum of parameters, including hematological profiles, 
routine biochemistry, and biomarkers of micronutrient 
status. In addition, from a 90-min interview involving 
administering a comprehensive health and lifestyle 
questionnaire, medical and demographic details, as well as 
information on medication and vitamin supplement use, 
were collected. Blood pressure, bone health (dual-energy 
X-ray absorptiometry scans), physiological function tests, 
and cognitive function tests were also conducted.

The initial dataset contained 701 variables. During 
preprocessing, variables were grouped into categories 
including lifestyle, body measures, sociodemographics, 
diseases, medications, cognitive function, biochemistry, 
clinical, and nutritional data (Figure  1) based on 
domain knowledge to facilitate feature selection, feature 
engineering, and future analysis. Some characteristics 
of TUDA cohort study participants are summarized in 
Table 1. The preprocessing and feature selection performed 
on the original dataset to obtain a subset of data are 
described in the next subsection.

3.2. Preprocessing of the TUDA dataset

Initially, exploratory data analysis was performed, and the 
dataset was preprocessed following the pipeline shown in 
Figure 2.

First, in the initial cleansing and exploration phase, 
variable values were manually checked, identified, and 
corrected for issues such as spelling mistakes, incorrect 
units, coding inconsistencies, and invalid values. Duplicate 
and less relevant variables, as advised by domain experts, 
were identified and removed. Manual data processing 
can introduce noise, such as errors and inconsistencies. 
To mitigate this, a data dictionary was used to maintain 
consistent definitions of variables and formats. Acceptable 
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values and formats for each variable were defined to prevent 
data entry errors. In addition, domain experts were invited 
to help group the data and identify and fix inconsistencies 
and errors in the dataset.

Second, when dealing with missing values, the aim is 
to retain as many valuable predictor variables as possible 
without introducing bias by needing to fill in more missing 
values. Analyses were performed with the cutoff threshold 
set at different percentages. By balancing, 10% was set as the 
cutoff threshold. Where the number of missing values for 
a specific variable was less than the threshold, the variable 
was retained; otherwise, it was deleted. The dataset was 
then split into the data subsets: Real numerical continuous 
variables and ordinal or nominal categorical variables.

Third, real numeric variables underwent 
transformation using two methods: The square root and 
the log transformation. Continuous numeric variables 

were divided into two groups based on their minimum 
and maximum values. Variables with a minimum value 
of zero were square-root processed, whereas those with 
a minimum value not equal to zero underwent a log 
transformation.

Next, the nominal subset was filtered for unique values 
to eliminate duplicates and retain maximal information 
from variables with high cardinality. Text information was 
recoded as numeric values according to the requirement 
defined in the dictionary, and unknown values were 
converted to an undefined value (NaN). Categorical 
variables were encoded into numeric values using the one-
hot encoding method. As a result of these operations, the 
cleaned dataset was entirely numerically represented, with 
some missing values remaining, and ready for analysis to 
identify characteristics that could affect the fitting of an 
ML model in subsequent stages.

Figure 2. Pre-processing and analysis of the Trinity-Ulster-Department of Agriculture dataset with 701 features
Abbreviation: NaN: Undefined value.

Figure 1. The features of the Trinity-Ulster-department of agriculture dataset were grouped into categories based on domain knowledge
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Table 1. General characteristics of the 5186 participants on the Trinity‑Ulster and Department of Agriculture study

Characteristics Males (n=1699) Females (n=3487)

Age (years), mean (SD) (95% CI) 73.5 (8.1) (73.1–73.8) 74.3 (8.3) (74.0–74.6)

Education (years)a, mean (SD) (95% CI) 16.0 (3.2) (15.9–16.2) 16.0 (2.9) (15.9–16.1)

Health and lifestyle

BMI (kg/m2), mean (SD) (95% CI) 28.5 (4.5) (28.3–28.7) 27.6 (5.8) (27.4–27.8)

Waist‑to‑hip ratio, mean (SD) (95% CI) 0.97 (0.07) (0.967–0.974) 0.88 (0.07) (0.877–0.882)

Timed up and go (seconds), mean (SD) (95% CI) 13.8 (9.7) (13.3–14.2) 14.2 (8.9) (13.9–14.5)

Living alone, n (%) 379 (22.3) 1372 (39.3)

Current smoker, n (%) 1185 (69.7) 1539 (44.1)

Current alcohol consumers, n (%) 1099 (64.7) 1876 (53.8)

Past alcohol consumers, n (%) 338 (19.9) 586 (16.8)

Socioeconomically most deprived, n (%) 438 (25.8) 886 (25.4)

Neuropsychiatric assessment

Depression (CES‑D score), mean (SD) (95% CI) 5.34 (6.8) (5.02–5.66) 6.41 (7.8) (6.16–6.67)

Anxiety (HADs score), mean (SD) (95% CI) 2.75 (3.5) (2.59–2.92) 3.39 (3.7) (3.26–3.51)

FAB score, mean (SD) (95% CI) 15.2 (2.7) (15.1–15.3) 15.2 (2.9) (15.1–15.3)

PSMS score, mean (SD) (95% CI) 23.1 (1.8) (23.1–23.2) 22.9 (2.0) (22.8–22.9)

IADL score, mean (SD) (95% CI) 24.3 (4.6) (24.1–24.5) 24.0 (4.1) (23.9–24.2)

RBANS score, mean (SD) (95% CI) 84.7 (15.9) (84.0–85.5) 85.8 (17.5) (85.2–86.4)

Clinical measures

White cell count (109/L), mean (SD) (95% CI) 7.15 (3.2) (7.00–7.31) 7.26 (15.9) (6.74–7.79)

Hemoglobin (g/DL), mean (SD) (95% CI) 14.0 (1.6) (13.9–14.0) 12.9 (1.3) (12.8–12.9)

Mean corpuscular volume (FL)b, mean (SD) (95% CI) 90.9 (5.6) (90.7–91.2) 91.0 (5.5) (90.8–91.2)

Platelet count (109/L), mean (SD) (95% CI) 233 (65.9) (230.1–236.4) 269 (71.7) (266.8–271.5)

Urea (mmol/L), mean (SD) (95% CI) 7.32 (3.1) (7.17–7.46) 6.79 (2.6) (6.70–6.87)

Creatinine (μmol/L), mean (SD) (95% CI) 98.6 (31.7) (97.0–100.1) 78.9 (24.7) (78.1–79.8)

Albumin (g/L), mean (SD) (95% CI) 41.9 (3.8) (41.7–42.1) 41.9 (3.5) (41.7–42.0)

Gamma GT (U/L), mean (SD) (95% CI) 43.5 (51.6) (41.1–46.0) 34.0 (37.4) (32.8–35.3)

Sodium (mmol/L), mean (SD) (95% CI) 139.3 (4.8) (139.1–139.5) 139.3 (20.6) (138.7–140.0)

Potassium (mmol/L), mean (SD) (95% CI) 4.29 (0.5) (4.27–4.31) 4.11 (0.4) (4.09–4.12)

Calcium (mmol/L), mean (SD) (95% CI) 2.30 (0.13) (2.29–2.30) 2.33 (0.14) (2.326–2.335)

Phosphate (mmol/L), mean (SD) (95% CI) 0.96 (0.2) (0.95–0.97) 1.04 (0.2) (1.04–1.05)

Alkaline phosphatase (U/L), mean (SD) (95% CI) 83.2 (38.3) (81.4–85.0) 82.0 (34.2) (80.8–83.1)

Low‑density lipoprotein (mmol/L), mean (SD) (95% CI) 2.19 (0.8) (2.15–2.23) 2.56 (0.9) (2.53–2.60)

High‑density lipoprotein (mmol/L), mean (SD) (95% CI) 1.25 (0.4) (1.24–1.27) 1.59 (0.5) (1.57–1.60)

Triglycerides (mmol/L), mean (SD) (95% CI) 1.70 (0.9) (1.66–1.75) 1.53 (0.8) (1.50–1.56)

C‑reactive protein (mg/L), mean (SD) (95% CI) 7.38 (19.2) (6.47–8.29) 6.71 (16.1) (6.17–7.24)

Glycated hemoglobin (%), mean (SD) (95% CI) 5.97 (0.9) (5.92–6.01) 5.83 (0.7) (5.81–5.86)

Parathyroid hormone (pg/mL), mean (SD) (95% CI) 45.9 (29.6) (44.5–47.3) 47.4 (33.7) (46.3–48.5)

Glomerular filtration rate (mL/min), mean (SD) (95% CI) 74.6 (25.9) (73.4–75.8) 63.7 (23.0) (62.9–64.5)

Nutritional biomarkers

Red blood cell folate (nmol/L), mean (SD) (95% CI) 1055 (622) (1025–1085) 1121 (623) (1101–1142)

Serum Vitamin B12 (pmol/L), mean (SD) (95% CI) 268 (173) (260–276) 300 (221) (293–307)

(Cont'd...) 
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Finally, the two data subsets were concatenated, the 
K-Nearest Neighbors algorithm was used to fill missing 
values, and the dataset was normalized to the range 
between 0 and 1 using z-score normalization.

The primary objectives of this study were the diagnosis 
and prediction of ADs. In an existing work,28 a self-
reported anxiety variable was utilized as the outcome 
variable where participants reported that they had, at 
some point in their lifetime, either been diagnosed with 
anxiety by a doctor or not. The variable encompassed 
4064 participants (78.36%) who reported that they did not 
have an anxiety diagnosis, and 1122 participants (21.64%) 
who reported that they did have an anxiety diagnosis. 
This resulted in an approximate 78:22 split in the class 
of this self-reported outcome variable. This formed the 
basis for using binary classification models to fit the data. 
A  notable challenge was the inherent imbalance in the 
outcome variable, as only 22% of the patients had reported 
an anxiety diagnosis. To address this, synthetic records of 
the minority class in the training dataset were generated 
using the standard synthetic minority over-sampling 
technique (SMOTE) method29,30 and its extension, the 
adaptive synthetic sampling (ADASYN) algorithm.31 The 
test set was unchanged to preserve the representativeness 
of the original population. This approach ensures fair 
comparisons with other methods, as well as reliable 
predictions on the unseen test set.

In this study, we used the score from the HADs 
assessment as the outcome variable. HADs are a standard 
tool designed to measure levels of anxiety and depression in 
individuals. Scores range from 0 to 21, where a score of 11 
or greater indicates ADs, whereas a score <11 is considered 
normal. Out of 5186 participants, 4918  (94.83%) were 
diagnosed as not having anxiety, 260 participants (5.01%) 
had an anxiety diagnosis, and 8 (0.16%) had missing values. 
The extreme imbalance in the class, with an approximate 
95:5 split, hinders the direct construction of models using 
conventional ML methods. Using oversampling techniques 
could introduce bias due to the large proportion of records 

that would need to be oversampled. To address this 
challenge, we developed a novel diagnosis and prediction 
system specifically designed to handle imbalanced data.

3.3. Feature selection and engineering

Correlation analysis is required when dealing with 
correlated and multicollinear predictor variables to avoid 
potentially unstable estimates and redundant predictor 
variables that do not contribute additional information 
for developing models.7 To select predictor variables, we 
explored correlations between the diagnosis of ADs and 
predictor variables. In the beginning, risk factor analysis 
was conducted using an unimputed and unnormalized 
dataset to investigate associations between an anxiety 
diagnosis and nominal predictor variables, such as 
medications, lifestyle factors, and diseases. Depending 
on the results, some predictor variables were merged, 
and new predictor variables were created. For example, a 
new predictor variable (LimitAct) was created by merging 
“Limithouseholdactivities” and “Limitoutsideactivities” 
that have a very strong association (Cramer C = 0.6088). 
The predictor variable “Limithouseholdactivities” has two 
values: 1 (Yes) and 0 (No), by answering the question “Does 
the participant limit any household activities because 
they are afraid they might fall?” The predictor variable 
“Limitoutsideactivities” has two values: 1 (Yes) and 0 (No), 
by answering the question “Does the participant limit 
outside activities because they are frightened, they might 
fall?” The created predictor variable took the value logical 1 
if at least one of the values of these two predictor variables 
was 1; logical 0 was taken if the values for both are 0. Highly 
correlated predictor variables that did not add meaningful 
information for prediction were removed.

The Spearman non-parametric correlation coefficient 
was used to calculate correlations between numerical 
predictor variables. Table 2 shows the relationships among 
the cognitive function numerical predictor variables. 
Nominal and ordinal variables are common types of 
categorical variables. Cramer’s V, a statistic in the range of 

Table 1. (Continued)

Characteristics Males (n=1699) Females (n=3487)

Plasma Vitamin B6 (nmol/L), mean (SD) (95% CI) 70.7 (50.5) (68.3–73.1) 80.5 (72.9) (78.1–82.9)

Riboflavin (EGRac)c, mean (SD) (95% CI) 1.35 (0.2) (1.30–1.40) 1.34 (0.2) (1.30–1.40)

Total plasma homocysteine (μmol/L), mean (SD) (95% CI) 15.5 (6.0) (15.2–15.8) 14.5 (5.7) (14.3–14.7)

Total Vitamin D (nmol/L), mean (SD) (95% CI) 53.0 (27.9) (51.6–54.3) 62.1 (32.4) (61.0–63.2)

Notes: aEducation refers to the age of stopping formal education. bFL: Femtolitre. cEGRac: Erythrocyte glutathione reductase activation coefficient, with 
a higher EGRac value indicating poorer riboflavin status.
Abbreviations: BMI: Body mass index; CES‑D: Center for epidemiological studies depression scale; FAB: Frontal assessment battery; HADs: Hospital 
anxiety and depression scale; IADL: Instrumental activities of daily living; PSMS: Physical self‑maintenance scale; RBANS: Repeatable battery for the 
assessment of neuropsychological status.
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[0, 1], was used to explore the association between these 
nominal variables. A  value of 0 indicates no association 
between the two variables, whereas a value of 1 indicates a 
strong association. Cramer’s V was calculated as shown in 
Equation I. Cramer’s V was used to identify considerable 
variation and strong associations between the nominal 
variables. The results were then used to identify redundant 
variables, which were subsequently removed from the 
dataset. For example, the predictor variable “lipid_meds,” 
representing lipidemia medication intake, was removed 
as it has a strong association with the predictor variable 
“Hyperlipidemiadiagnosis” (Cramer’s V = 0.7168), which 
represents the diagnosis of hyperlipidemia.

−
=

−

2

Cramer
n*min(c 1, )

s V
r

’
1

χ � (1)

where χ2 is the Chi-square statistic, n represents the 
total sample size, r represents the number of rows, and c 
represents the number of columns. Chi-square tests were 
used to compare groups between participants with and 
without a diagnosis of AD.

A non-parametric Kruskal–Wallis test was used to 
determine whether the data from the two groups differed 
from each other. The calculated p-value was compared 
to the significance level, usually set at 0.05. If the p>0.05, 
the null hypothesis can be retained, signifying that the 
Kruskal–Wallis test does not detect a significant difference 
between categories of independent variables with respect 
to the dependent variable. Otherwise, the null hypothesis 
can be rejected.

Upon completion of the preprocessing steps, a total 
of 5186 records with 84 variables (83 predictors and 1 

outcome) were retained for the following analysis. The 
outcome denotes the anxiety diagnosis of each participant, 
determined using HADs. In the following experiments, an 
analysis of risk factors was conducted.

3.4. Risk factor analysis

While the exact reasons for mental health problems 
remain unclear, attempts have been made to identify 
potential risk factors.32,33 Our previous research using self-
reported ADs diagnoses28 identified several potential risk 
factors for ADs in older adults. These include female sex, 
loneliness, separated/divorced status, low socioeconomic 
status, lifestyle-related factors such as smoking and alcohol 
intake, as well as medical conditions such as cardiovascular 
disease, lipidemia, diabetes, hypertension, some chronic 
inflammatory diseases, and family history of diseases such 
as stroke and presenile dementia. In this study, we used the 
HADs ADs diagnosis to analyse risk factors. Identifying 
and intervening in modifiable risk factors can contribute 
to the mitigation or prevention of ADs.9

Table 3 shows the results of the univariate analysis for 
participant characteristics related to ADs diagnosis based 
on the total HADs score. Since only the anxiety questions 
are included in the HADs score in the TUDA study, we 
used HADs to assess anxiety.

Notably, “Gender” emerges as a key feature, with 
5.9% of females experiencing ADs, compared to 3.7% of 
males. These differences may be attributed to hormonal 
fluctuations and variations in brain chemistry throughout 
a woman’s life, potentially linked to ADs. Marital status 
also appears influential, as participants in the separated/
divorced and widow/widower categories showed a slight 
susceptibility to ADs. Interestingly, living with others 
seems to mitigate the prevalence of ADs in older people, 
potentially due to the emotional support from others in 
shared living arrangements. Participants residing in low 
socioeconomic areas demonstrated a higher likelihood of 
experiencing ADs, aligning with findings from previous 
studies.26 Lifestyle factors such as smoking were identified 
as risk factors for ADs, consistent with existing research.34 
Our analysis revealed that approximately 5.0% of 
participants had ADs, and the presence of a family history 
of stroke, heart disease, or presenile dementia increased 
the risk of ADs (Table 3).

Figures 3 and 4 illustrate the percentages of frequency 
distribution of predictors related to the effect of food 
supplements, Vitamin B, and Vitamin D in terms of 
ADs diagnosis. Vitamin D helps our body better absorb 
calcium, a key building block for our bones and an 
essential nutrient for overall health. It has been reported 
that nearly one billion people worldwide have low levels 

Table 2. Associations between cognitive function numerical 
variables

CED‑S 1.00

HADs 0.43 1.00

IADL −0.20 −0.03 1.00

FAB −0.16 −0.05 0.44 1.00

PSMS −0.17 −0.07 0.59 0.30 1.00

RBANS −0.21 −0.07 0.47 0.66 0.26 1.00

CED‑S HADs IADL FAB PSMS RBANS

Notes: The colors indicate the associations between cognitive function 
numerical predictive variables. Different colors indicate different levels 
of intensity.
Abbreviations: CES‑D: Center for epidemiological studies depression 
scale; FAB: Frontal assessment battery; HADs: Hospital anxiety 
and depression scale; IADL: Instrumental activities of daily living; 
PSMS: Physical self‑maintenance scale; RBANS: Repeatable battery for 
the assessment of neuropsychological status.
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of Vitamin D, and approximately 20% of the population in 
the UK suffers from a Vitamin D deficiency.35 Numerous 
studies have highlighted the link between Vitamin D 
deficiency and increased anxiety.36,37 Figure 3A shows the 
percentages of participants who have an anxiety diagnosis 
and their Vitamin D levels. 5.85% of participants with 
a Vitamin D deficiency experienced AD, compared to 
4.38% with normal vitamin D levels. Participants with 
low Vitamin D levels appeared to have a higher chance 
of experiencing ADs. Research suggests that Vitamin D, 
influencing brain receptors and mental health, may play 
a role in cell growth promotion. In theory, a Vitamin D 
deficiency could potentially limit this behaviour, impeding 
overall brain function.38,39 Vitamin D supplements could 
serve as preventive measures or potential treatments for 

Table 3. (Continued)

Variables HADs 
(anxiety 

diagnosis)

Effect 
size 

estimates

Effect 
size 

estimates

Yes (n=260) 
n (%)

Cramer’s 
V

Odds 
ratio

Other serious diseases

Yes 62 (4.3) 0.019 0.816

No 198 (5.3)

Self‑memory concern

Yes 113 (7.5) 0.048 1.875

No 138 (4.1)

Family‑memory concern

Yes 67 (10.2) 0.061 2.461

No 184 (4.4)

Family history

Cancer

Yes 70 (4.9) 0.0028 0.960

No 190 (5.1)

Stroke

Yes 27 (5.8) 0.0073 1.168

No 233 (5.0)

Heart disease

Yes 79 (5.2) 0.0033 1.048

No 181 (5.0)

Presenile dementia

Yes 7 (9.6) 0.017 2.014

No 253 (5.0)

Senile dementia

Yes 34 (4.9) 0.0023 0.958

No 225 (5.1)

Abbreviations: HADs: Hospital anxiety and depression scale;  
SESlow: Low standard socioeconomic status.

Table 3. Univariate analysis of general characteristics of the 
Trinity‑Ulster Department of Agriculture study participants

Variables HADs 
(anxiety 

diagnosis)

Effect 
size 

estimates

Effect 
size 

estimates

Yes (n=260) 
n (%)

Cramer’s 
V

Odds 
ratio

Gender 0.044 1.591

Male 62 (3.7)

Female 198 (5.9)

Marital status 0.017

Single 25 (3.8) 1.377

Married/common law 134 (5.0) 1.031

Separated/divorced 13 (5.2) 0.958

Widow/widower 88 (5.6) 0.843

Area deprivation 0.041 1.737

Normal 159 (4.3)

SESlow 95 (7.2)

Accommodation status 0.022

Alone 82 (4.7) 1.114

Spouse/partner 135 (5.0) 0.995

Other 8 (3.4) 0.691

Children 35 (6.8) 1.511

Smoking 0.014 1.204

No 112 (4.6)

Yes 148 (5.4)

Drinking alcohol 0.013

Never 65 (5.1) 0.986

Past 54 (5.8) 0.820

Current 141 (4.7) 1.145

Vitamin D 0.024 1.356

>50 nmol/L 125 (4.4)

≤50 nmol/L 135 (5.9)

Fortified food and supplements 0.0057 0.948

No/low 106 (5.2)

Medium/high 154 (4.9)

Diagnosis of 

Hypertension

Yes 184 (5.0) 0.016 0.930

No 76 (5.3)

Hyperlipidemia

Yes 150 (5.5) 0.016 1.200

No 106 (4.6)

Diabetes

Yes 30 (4.5) 0.011 0.884

No 230 (5.1)

(Cont'd...) 
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anxiety and depression due to their strong associations. 
Another study found that individuals with anxiety tend 
to have lower levels of calcidiol, the most active form of 
Vitamin D. Calcidiol helps the body use more calcium 
from foods or supplements and regulates the production 
of parathyroid hormones in the body.40

Figure 4 shows the percentage distribution for predicting 
ADs diagnosis among consumers of non- or low-fortified 
foods and consumers of medium- or high-fortified foods 
or supplements. It should be noted that this feature was 
engineered by combining variables related to fortified food 
and supplements in the original dataset. Consumers of 
non- or low-fortified food included participants who did 
not consume fortified food and supplements or consumed 
1–4 servings of fortified foods per week. Consumers of 
medium- or high-fortified foods or supplements included 
participants who consumed 5–7 servings of fortified foods 
per week (medium consumers), or more than 8 servings 
of fortified foods per week (high consumers), or users of 
supplements. Participants with non/low fortified food 
intake appeared to have a higher chance of experiencing 
ADs compared to those with medium/high fortified food/
supplements intake. This suggests that fortified foods may 
offer mental health benefits.

The participant was asked if their family had any 
concerns with regard to their memory (family-memory 
concern), and if they themselves had any concerns about 
their memory (self-memory concern). Figure  5 shows 
percentages of anxiety diagnosis for participants with 
(a) self-memory concern and (b) family-memory concern. 
From the results, we can see that participants who had a 
concern about their memory, and/or whose family had 

concerns about their memory, were more prone to ADs 
than those with no memory concerns reported.

Figures  6 and 7 present the results of multivariate 
analysis for lifestyle characteristics in terms of smoking 
status and alcohol intake of participants, and in relation to 
ADs diagnosis. Figure 6 shows that, regardless of gender, 
smoking poses a higher risk of ADs in older people. The 
diagnosis of ADs increases from 8.92% for non-smoking 
females to 11.2% for females who smoke. The difference 
is less pronounced for males at 2.25% for non-smokers 

Figure  4. Bar plot showing percentages for non/low fortified food 
consumers and medium/high fortified food/supplement consumers 
classified based on their ADs diagnosis

Figure  3. Bar plot showing percentages of participants with anxiety 
diagnosis and their Vitamin D levels (A) and distribution of Vitamin D 
values (B)

B

A

Figure  5. Pie chart illustrating percentages of anxiety diagnosis for 
participants with (A) non-self-memory concern, (B) self-memory 
concern, (C) non-family-memory concern and (D) family-memory 
concern

DC

BA
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and 2.59% for smokers. Smoking appears to have a more 
pronounced impact on women.

Figure  7 shows how participants’ alcohol intake 
status affects the diagnosis of ADs for males and females, 
respectively. The participants with a history of past alcohol 
consumption are more prone to ADs, especially among 
females.

The analysis highlights several factors associated with 
a higher risk of ADs, including being female, experiencing 
separation or divorce, being widowed, having self-  or 
family-reported memory concerns, having a family history 
of chronic diseases (such as stroke or presenile dementia), 

smoking, and having a history of alcohol consumption. 
Furthermore, participants from areas with higher 
socioeconomic deprivation were found to have a higher 
prevalence of ADs, with a prevalence of 7.2% compared to 
4.3% in areas with normal socioeconomic status.

Feature selection and engineering, which involves 
identifying and selecting the most relevant features in a 
high-dimensional dataset, is crucial due to the challenges 
posed by high dimensionality, noise reduction, and model 
interpretability requirements. This study used a variety 
of methods to reduce features: (i) Domain experts were 
involved in grouping the features and selecting the most 
relevant features; (ii) The percentage of missing values for a 
specific feature was compared to a threshold to determine 
whether to keep or remove the feature; (iii) Filter-based 
feature selection techniques such as statistical correlation 
analysis were used in the TUDA dataset to eliminate 
irrelevant or redundant features, and generate new features 
from existing similar features, for example, by removing 
a predictor that had a strong association with another 
predictor, retaining a predictor that had high correlation 
to the outcome feature, and by merging variables “Bone 
fracture” and “Hip fracture” into one predictor. These 
methods make feature selection and feature engineering 
an integral part of building effective models in this field.

4. Results
4.1. Preparation of training and test sets

The preprocessed dataset was randomly divided into 
two sets: A training set containing 70% of the data (3631 
records) and a test set consisting of 30% of the data (1555 
records). Figure 8 illustrates the process of preparing the 
training and test sets. To ensure consistency in model 
comparisons, each model followed the same procedure and 
was trained and tested on the same datasets. The response 
variable, anxiety diagnosis, relates to the diagnosis of 
ADs in participants using the HADs method. Among the 
5186 participants, 4918 participants (94.83%) were not 
diagnosed with an AD, whereas 260 participants (5.01%) 
were diagnosed with an AD, resulting in an imbalanced 
class distribution of approximately 95:5. Due to this 
extreme imbalance, standard SMOTE oversampling could 
introduce bias, as a large proportion of records would 
require oversampling. To address this issue, we developed 
an adapted bagging ensemble diagnosis and prediction 
system, which involves reconstructing the training data.

The m value determines how many submodels are 
ensembled. We let Nrn represent all the records with “No 
anxiety” diagnosis, and Nra represent all the records with 
“Anxiety” diagnosis in the training set. m is calculated 
based on Equation II:

Figure 6. Bar plot showing percentages of participants who smoke versus 
those who do not, for males and females, respectively, in terms of their 
anxiety disorder diagnosis

Figure  7. Bar plot showing percentages of participants based on their 
alcohol consumption status, for males and females, respectively, and in 
terms of anxiety disorder diagnosis. “Current:” They currently consume 
alcohol; “Past:” They consumed alcohol in the past but not currently; 
“Never:” They never consumed alcohol.
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=
Nrnm round( )
Nra

� (II)

Then, the records with “No anxiety” diagnosis in the 
training set were split into m chunks with no repetition. In 
this study, m equals 20.

4.2. Structure of the system

Various techniques can be employed to address the 
challenge of imbalanced datasets. Two common methods 
are under-sampling and over-sampling, which aim to 
create a balanced dataset from an imbalanced one. Under-
sampling is used when the volume of data is sufficient; it 
involves reducing the size of the over-represented class 
to balance the dataset. Conversely, over-sampling is used 
when the volume of data is insufficient, and it involves 
increasing the size of the under-represented class to balance 
the dataset, without removing abundant samples. Over-
sampling techniques may generate new synthetic samples 
for the rare class. In previous work,28 approximately 22% 
of participants self-reported as having ADs, and the class 
imbalance was addressed using two standard oversampling 
techniques: SMOTE29,30 and ADASYN.31 These methods 
synthetically generated additional records of the minority 
categories in the training dataset. Importantly, the test 
set was unchanged to preserve representativeness of the 
original population, ensure a fair comparison with other 
methods, and provide reliable predictions on the unseen 
test set. In this paper, we developed a procedure to 
overcome the challenge imposed by imbalanced data.

The bagging method involves generating m bootstrapped 
samples to construct models in parallel. Then, the 

individual predictions from the m models are aggregated 
through voting or averaging to obtain the final prediction 
from the ensemble of models. The main purpose of the 
bagging method is to minimise diversity and mitigate the 
risk of overfitting across the various models created. In this 
process, each bootstrapped sample is randomly generated 
from the given data records with replacement, allowing 
some individual records to be chosen more than once. In 
this paper, we use every record in the training set without 
repetition. We adapted the traditional bagging method 
and allocated the records with “No anxiety” to m groups; 
the number of records in each group roughly equals Nra. 
As 20 groups were allocated, the number of records in the 
first 19 groups is 173, and the number of records in the last 
group is 165. The flowchart illustrating this adaptation is 
presented in Figure 9.

First, we trained multiple small/simpler models instead 
of training one complex/large model for our training 
dataset. Normal records in the training set were divided 
into m small trunks, with the size of each trunk ensured to 
be the same or a size similar to that of the “Anxiety” records 
in the training set. Each divided subset, containing records 
with only “No anxiety” diagnosis, was then concatenated 
with records labeled with “Anxiety” diagnosis (Nra) in the 
training set. During the training phase, the generated m 
subsets were used to build m submodels using the same 
weaker learner, respectively. Second, after m submodels 
were trained, the prediction (1 = “Anxiety” diagnosis; 
0 = “No anxiety” diagnosis) for each participant in the test 
set was obtained. During the testing phase, the held-out 
test set, which contains 1555 participants, was sent through 
to each of the generated m submodels, and a prediction 

Figure 8. Preparation of the training and test sets, and construction of subsets in the training set
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was generated by each submodel for a participant. These 
predictions of m submodels for each participant in the test 
set were summed (Sum), which is in the range of [0, m]. 
Then, a threshold-moving strategy by the trial-and-error 
method could be employed for prediction making. After 
a threshold (Th) was set, the final prediction could be 
obtained. If the Sum exceeds Th, the participant can 

be said to have an “Anxiety” diagnosis; otherwise, the 
participant is classified as having “No anxiety” diagnosis. 
The algorithm logic is based on concatenating predictions 
of each submodel and decision rule, ensuring the opinions 
of at least 80% submodels are respected. For example, if Th 
is taken as 16, the participant is diagnosed as having AD 
if the predictions of at least 80% of the submodels were 1. 
This is represented in Figure 10, showing the flowchart of 
the proposed bagging ensemble system for the analysis and 
prediction of ADs in the TUDA dataset using one specific 
weak learner across all submodels to predict the output. 
Figure 11 shows the prediction of the test set.

4.3. Evaluation

Evaluation metrics such as specificity (true negative rate, 
TNR), sensitivity (true positive rate, TPR), accuracy, F1 
score, the area under the receiver operating characteristic 
curve (AUC-ROC), and MCC can be used to evaluate the 
performance of an approach. The AUC-ROC represents 
the relationship between TPR and false positive rate. F1 
score, AUC, and accuracy are three of the most widely 
adopted metrics in binary classification tasks. However, 
for imbalanced datasets, these statistical measures can 
produce misleadingly over-optimistic information. In such 
cases, MCC can more accurately reflect general diagnosis 
and prediction problems.25

MCC is a correlation coefficient between predicted 
and observed binary classifications. It is a more reliable 

Figure 9. Flowchart for reconstructing m subsets and building m weak 
learners in parallel

Figure 10. A pipeline for analysis and prediction of a high-dimensional Trinity-Ulster-Department of Agriculture dataset using an ensemble machine 
learning method (m = 20), m submodels with changing data records for the normal class in the training set
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statistical measure. MCC only provides a high value if 
good results are achieved in predictions across all four 
confusion matrix categories, i.e., true positives (TP), true 
negatives (TN), false negatives (FN), and false positives 
(FP). It is proportional to the size of positive and negative 
elements in the dataset. A perfect classification is indicated 
by an MCC value of 1, whereas values close to 0 represent 
predictions made at random, and −1 represents an opposite 
prediction where all positive samples were predicted as 
negative and vice versa. The MCC is often normalized to 
the range of [0, 1], referred to as the normalized coefficient 
(normMCC), to match the value range and meaning of the 
other statistical rates. In evaluating binary classifications, 
MCC can produce a more informative and truthful score 
compared to accuracy and F1 score. In previous work,41 
the mathematical properties and use cases of MCC were 
explained and presented, establishing its preference over 
accuracy and F1 score as the standard metric for evaluating 
binary classification tasks. There has even been a suggestion 
that MCC should replace the AUC-ROC as the standard 
metric for assessing binary classification.42 In this paper, 
we used specificity, sensitivity, accuracy, and normMCC as 
evaluation metrics. The formulas of MCC and normMCC 
are listed in Equations III and IV.

( ) ( )
−

=
+ + + +

TP*TN FP*FNC
( ) * * * ( )TP FP TP FN TN FP TN FN

�

(III)

+
=

MCC 1normMCC
2

� (IV)

In Equation IV, 0 represents the worst and minimum 
value, whereas 1 represents the best and maximum value.

4.4. Classical ML methods

Common ML techniques such as SVM, RF, GB, MLP, and LR 
were used in this work as weak learners to build submodels. 
Embedding these ML techniques into the pipeline of the 
proposed system can help with decision-making. Doctors 
can use it to recognize patterns of ADs, and distinguish 
an AD patient from a healthy patient. The accuracy of the 
results can be optimized, and adequate treatment can be 
provided. We briefly explore these ML methods below.

RF takes the mean of the results of a number of 
distinct decision trees, which work collectively as a group. 
A majority voting method is used to make the model’s final 
prediction. Voting or averaging mechanisms may deal with 
the problem of overfitting. It performs well with missing 
values.

SVM is a supervised ML algorithm, which is good at 
finding the optimal decision boundary to best separate the 
hyperplane via linear separation. SVM transforms the input 
space into a high-dimensional feature space so that the non-
linear problem can be solved. SVM is more accurate than 
other ML methods and is less likely to suffer from overfitting 
issues, suitable for modeling complex non-linear decision 
domains. However, SVMs are not suitable for larger datasets 
and are more sensitive to missing data.

LR predicts a dependent data variable by analyzing the 
relationship between one or more existing independent 
variables and helps model a binary dependent variable. 
LR is easier to interpret, implement, and very quick to 
train, with no assumptions needed to be made about 
distributions of classes in the entire feature space. Since 
linear boundaries are constructed, it is necessary to assume 
that there is a linear relationship between the independent 
variable and the dependent variables.

MLP is a fully connected multilayer neural network. 
It has three layers, including one hidden layer. It is an 
integral part of a deep neural network. When the number 
of hidden layers is more than one, they are called deep 
neural networks. MLP can model complex non-linear 
relationships and handle various types of data. However, 
MLP is sensitive to feature scaling; several hyperparameters 
need to be tuned, such as the number of hidden neurons, 
layers, and iterations.

GB is a high-performance algorithm that is mainly 
used for ML sorting or classification. It is generally more 
accurate compared to other models, but it may require more 
resources and time compared to simpler ML methods. In 
the case of high learning rates and complex models, GB 
can be prone to the overfitting issue, often considered a 
black box model that is less interpretable.

Figure 11. Flowchart of prediction on the test set
Abbreviation: ADs: Anxiety disorders.
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4.5. Performance of the system

In this paper, we used the HADs score as the outcome 
variable. The ratio of the two classes is approximately 
95:5, indicating an extremely imbalanced dataset. The 
system proposed in section 4.2. is applied to address the 
class imbalance. To ensure consistency in the comparisons 
using various weak learners, every weak learner follows the 
same procedure and is given the same subsets of data for 
the training and test sets.

Table  4 lists the predictive performance of the proposed 
system with weak learners of RF, SVM, GB, MLP, and 
LR, respectively, with a decision threshold taken as 17. 
The linear kernel function was used in SVM. In MLP, 200 
hidden neurons were used with the adaptive moment 
estimation (Adam) optimizer; for both MLP and LR, 0.001 
was the initial learning rate, and the mini-batch size was 
taken as 25. The number of decision trees was 300 in RF. 
Other parameters were employed in the standard procedures. 
Figures 12-16 illustrate the predictive performance in terms of 
accuracy, TPR (sensitivity), TNR (specificity), and normMCC 
against various decision thresholds with various weak learners.

The major difference between oversampling techniques 
and SMOTE is that SMOTE produces synthetic samples 
by interpolating samples among existing minority samples. 
However, oversampling techniques replicate existing 
minority samples to make the dataset balanced. Due to the 
extremely imbalanced data, SMOTE can cause problems 
when generating a large number of minority samples. 
Therefore, we opted to use an oversampling technique by 
replicating the existing minority samples in the training 
set 20 times. This approach resulted in a roughly balanced 
training set for model training.

Table 5 compares the performance in terms of sensitivity, 
specificity and normMCC between the oversampling 

method with repetition and the proposed system when the 
decision threshold is taken as 17, and RF, SVM, GB, MLP, 
and LR ML methods are used as weak learners, respectively, 
for ADs diagnosis. For fair comparison, each result used 
the same 83 predictor variables of the TUDA dataset.

From Table 5 , we can see that the proposed ensemble 
system achieves better performance than the base 
approach using the embedded oversampling technique. 
The proposed homogeneous ensemble system that used 
a single-base ML model across all submodels indeed 
increased reliability and stability in predictions compared 

Table 4. Predictive performance of the proposed system with 
various weak learners for anxiety disorder using 83 variables 
of the Trinity‑Ulster‑department of Agriculture dataset

Models Metrics Voting

TPR (%) TNR (%) Accuracy (%) normMCC Th

RF 63.0 87.8 86.5 0.6585 >17

SVM 58.0 89.1 87.5 0.6543 >17

GB 65.4 90.5 89.2 0.6885 >17

MLP 60.5 89.8 88.2 0.6668 >17

LR 59.3 87.7 86.2 0.6473 >17

Abbreviations: GB: Gradient Boosting; LR: Linear regression; 
MLP: Multilayer Perceptron; normMCC: Normalized Matthew’s 
correlation coefficient; RF: Random Forest; SVM: Support vector 
machine; Th: Threshold; TNR: True negative rate; TPR: True positive 
rate.

Figure  12. Predictive performance in terms of accuracy (ACC), true 
positive rate (TPR), true negative rate (TNR), and normalized Matthew’s 
correlation coefficient (normMCC) against decision threshold with 
support vector machine (SVM) weak learner

Figure  13. Predictive performance in terms of accuracy (ACC), true 
positive rate (TPR), true negative rate (TNR), and normalized Matthew’s 
correlation coefficient (normMCC) with random forest (RF) weak learner 
against decision threshold
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Figure  14. Predictive performance in terms of accuracy (ACC), true 
positive rate (TPR), true negative rate (TNR), and normalized Matthew’s 
correlation coefficient (normMCC) with a multilayer perceptron (MLP) 
weak learner against a decision threshold.

Figure  15. Predictive performance in terms of accuracy (ACC), true 
positive rate (TPR), true negative rate (TNR), and normalized Matthew’s 
correlation coefficient (normMCC) with gradient boosting (GB) weak 
learner against decision threshold.

Figure  16. Predictive performance in terms of accuracy (ACC), true 
positive rate (TPR), true negative rate (TNR), and Matthew’s correlation 
coefficient (normMCC) with linear regression (LR) weak learner against 
decision threshold

to using the oversampling technique. The numMCC value 
of the proposed system with GB as a weak learner is 0.6885, 
which is the highest among these five approaches.

In Figures 17-19, we use an interpretability tool, such as 
the Shapley function in Matlab, to interpret the prediction of 
a testing instance using a trained RF, GB, and SVM submodel, 
respectively. Shapley values are calculated to show how much 
each predictor variable contributes to that prediction.

Figure  20 shows the 30 most important predictor 
variables when a trained RF submodel was used to predict 

the test set. Note that variables relevant to anxiety diagnosis, 
depression diagnosis, total score of depression scale, and 
age were among the top 10 most important variables.

5. Discussion
In this paper, the imbalanced HADS variable was the 
outcome variable in data from the TUDA study. The 
results show that the proposed adapted bagging ensemble 
system, using a variety of sociodemographic, lifestyle, 
clinical, and biochemical factors, may effectively predict 
ADs in older adults with a high degree of accuracy. An 
accuracy of 89.2% (sensitivity: 65.4%, specificity: 90.5%) 
was achieved with the GB weak learner method when 
the decision threshold was set to more than 17. In this 
context, the sensitivity for the ADs class was 65.4% when 
the decision threshold was more than 17, meaning that 
65.4% of true ADs diagnoses are correctly identified as 
ADs. Therefore, 34.6% (1–65.4%) of true AD diagnoses 
are unfortunately missed. For fairness, the oversampling 
method was investigated on the same dataset, and the 
results show that the proposed bagging ensemble system 
achieved significant improvements over the oversampling 
method. The threshold-moving strategy was adopted 
to add the predictions of multiple submodels for the 
final prediction, which reduced the sensitivity of each 
submodel to outliers or noise and avoided overfitting. 
Compared with using a single model, better generalization 
performance and higher accuracy can be achieved.

To enhance the sensitivity of ADs (the TPR) and reduce 
AD losses (minimize FNR), a threshold-moving strategy 
can be employed. By lowering the decision threshold to >16, 
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Figure 18. Shapley’s explanation of the top 10 predictors predicted for a 
testing instance using a gradient boosting (GB) submodel
Abbreviations: EGRac: Erythrocyte glutathione reductase activation 
coefficient; PSMS: Physical self-maintenance scale; RBANS: Repeatable 
battery for the assessment of neuropsychological status.

Figure 19. Shapley’s explanation of the top 10 predictors predicted for a 
testing instance using a support vector machine submodel

Figure 17. Shapley’s explanation of the top 10 predictors predicted for a 
testing instance using a random forest (RF) submodel
Abbreviations: PLP: Pyridoxal phosphate; RBANS: Repeatable battery for 
the assessment of neuropsychological status.

we can identify instances as ADs when the summarized 
predictive value surpasses the decision threshold. Table 3 
presents the results for the decision threshold values taken 
as more than 17. The results indicate that the proposed 
system achieved an accuracy of 86.5% (sensitivity: 63.0% 
and specificity: 87.8%) with the decision threshold taken 
at >17, using RF as the weak learner. The results indicate 
that models incorporating a combination of features, 
including nutrition, health, clinical, biochemical, and 
lifestyle factors, should be encouraged. For GB as a weak 
learner, we have reduced the false negative rate from 34.6% 

down to 28.4% whereas the decision threshold changed 
from more than 17 to more than 16. The trade-off of 
misclassifying approximately 3.9% of the normal class may 
be deemed worthwhile to correctly classify more than 6.2% 
of the ADs.

As a trade-off, the number of FP will inevitably increase 
as we adjust to decrease the decision threshold that we 
apply to the model’s prediction. To elucidate this trade-off 
and assist in threshold selection, Figures  12-16 illustrate 
the predictive performance in terms of the TPR and TNR 
against various decision thresholds. This approach is a 
variant of the ROC curve, with a focus on stressing the 
decision threshold.

Several potential risk factors for a diagnosis of ADs 
were identified. Understanding risk factors for ADs in 
people with specific chronic diseases can aid health-care 
professionals in immediately identifying at-risk patients, 
allowing improved screening activities for psychological 
assessment and the introduction of personalized 
treatments within the care settings for specific illnesses. 
In the long term, it will be crucial to assess the impact of 
real-time feedback and identify specific triggers that lead 
to inappropriate and high levels of anxiety.

In this study, potential risk factors were identified. Older 
people who have a marital status of separated/divorced 
or widow/widower seem to be more prone to anxiety 
problems. Other risk factors for ADs were identified, 
including areas of higher deprivation, being female, 
smoking, and alcohol drinking in the past. Vitamin D 
and fortified food/Vitamin B supplements intakes may be 
beneficial to ADs. Furthermore, consistent with evidence 
from other large cohort studies, the variables including 
lack of formal education,7 functional and cognitive 
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Figure 20. The 30 most important predictor variables using a random forest (RF) submodel
Abbreviations: EGRac: Erythrocyte glutathione reductase activation coefficient; FAB: Frontal assessment battery; Gamma GT: Gamma-glutamyl 
transferase; IADL: Instrumental activities of daily living; RBANS: Repeatable battery for the assessment of neuropsychological status.

impairment,7 poor quality of life,19 low status of folate 
and metabolically related B vitamins, namely Vitamin 
B6, Vitamin B12, and riboflavin deficiencies have been 
identified as risk factors for ADs among older people.27 It 
has also been considered that fortified foods could play a 
role in optimizing B vitamin status and potentially reduce 
the risk of these mental health disorders.27 An intriguing 
finding is the association between Vitamin D and fortified 
food/Vitamin B supplements and ADs, indicating their 
potential value as contributing factors.

This developed system trains multiple models from 
generated multiple subsets of the training data, which 
can reduce variance, mitigate overfitting, and improve 
the ability of generalization of the system. The training 
process is scalable because each submodel is trained 
independently, and the developed system has the ability 
of expansion to handle increasing amounts of data 

efficiently. However, compared to training a single model, 
training multiple submodels may increase computational 
overhead for large datasets; the aggregated prediction 
output can reduce interpretability, too, and the reasoning 
behind a specific prediction can be hard to understand. 
In addition, there is a risk of the diluted insights if a rare 
but important pattern is captured by a single submodel; 
the impact might be diluted by aggregating it with 
other submodels. The choice of base model affects the 
performance of the system. The limitations also include 
that the observational studies are subject to bias due to 
their inherent flaws; there were fewer positive cases in the 
training set, resulting in a decrease in the ability of the 
system to predict the occurrence of positive cases. The 
findings of this study, focusing on a specific cohort, are 
not generalizable to other racial groups. The developed 
system is able to learn from different subsets of data and 
reduce variance, making it suitable for various external 

Table 5. Performance comparison between the proposed system and oversampling method

Models Metrics pa

Oversampling Proposed

TPR (%) TNR (%) normMCC TPR (%) TNR (%) normMCC

RF 4.94 99.9 0.5861 63.0 87.8 0.6585 <2.5e‑16****

SVM 79.0 76.2 0.6387 58.0 89.1 0.6543 <2.2e‑16****

GB 18.5 98.6 0.6285 65.4 90.5 0.6885 <2.2e‑16****

MLP 28.4 96.5 0.6301 60.5 89.8 0.6668 <2.2e‑16****

LR 81.5 75.8 0.6430 59.3 87.7 0.6473 <2.2e‑16****

Note: **** p-value indicating that Kruskal–Wallis’s test rejects the null hypothesis at the 0.01% significance level.
Abbreviations: GB: Gradient boosting; LR: Linear regression; MLP: Multilayer perceptron; normMCC: Normalized Matthew’s correlation coefficient; 
RF: Random forest; SVM: Support vector machine; TNR: True negative rate; TPR: True positive rate.
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applications, such as those in clinical settings. Identified 
risk factors, such as the link between certain lifestyle 
factors and ADs, may have clinical implications and help 
health-care professionals invest more effort in educating 
people about these factors. The system could help doctors 
identify and treat patients earlier and even improve 
treatment outcomes.

In Figures 17-19, we show Shapley’s explanation of the 
top 10 predictors predicted for the same testing instance 
using RF, GB, and SVM submodels trained with the same 
subdataset, respectively. The interpretability of each trained 
RF, GB, and SVM submodel varied, with predictors such 
as anxiety diagnosis, depression diagnosis, total score of 
depression scale, age, and timed up and go, ranking among 
the top ten factors contributing most to the prediction.

ML algorithms such as RF, MLP, SVM, GB, and LR are 
widely used and typically achieve good performance.18 The 
success of these algorithms depends on the quality and 
quantity of features used, as well as the characteristics of the 
available dataset. However, when dealing with extremely 
imbalanced datasets, using these methods directly for 
specificity in the disadvantaged class can lead to poor 
performance. In this study, we demonstrated how to adapt 
an ensemble bagging ML method to deal with imbalanced 
classes. Through this adaptation, satisfactory performance 
was achieved.

6. Conclusion
ML technologies have become increasingly popular 
for disease diagnosis in the field of mental health. ADs 
are one of the major health burdens facing older adults 
worldwide. Despite evidence43-46 that the impact of ADs 
can be reduced through prevention and intervention, 
the prevalence remains high worldwide, highlighting 
that people with such disorders need intervention.47-49 
The widespread prevalence of anxiety-related disorders 
presents many challenges for mental health-care providers, 
who find it difficult to provide face-to-face treatments to 
those who need it in a timely manner. As more complex 
health data is becoming available, ML can deal with data 
that can be from multiple sources, predict the risk of 
developing ADs by identifying individual characteristics 
and risk factors, and perform mental health diagnoses. 
ML can help personalize treatment plans and ensure that 
individuals receive the most appropriate care. In this study, 
an adapted bagging ensemble approach was proposed to 
identify ADs, in which traditional ML methods act as weak 
learners. In future work, the goal is to identify ADs in its 
earlier or prodromal stage, when interventions may be 
more effective, and treatments can be personalized based 
on individuals’ unique characteristics. This could pave the 

way for developing a “mental health status indicator” to 
monitor an individual’s mental health, establish different 
alert levels, and efficiently address emerging issues.

In this study, key predictors were identified that could 
effectively predict ADs using the proposed learning system, 
achieving a satisfactory level of accuracy. Some variables 
were determined to be closely associated with an increased 
risk of ADs, such as gender, marital status, accommodation 
status, lifestyle-related factors, quality of life, fortified food/
supplements intake level, and family history of certain 
diseases and chronic diseases. Efforts were made to assess 
risk factors of anxiety in older adults. More studies are 
needed to fully understand the characteristics of anxiety 
in this population.

Future works involve conducting a longitudinal study 
by studying the individuals in the TUDA dataset over the 
years to observe how they develop over time, to understand 
physical and cognitive developmental processes, and 
to predict future development of ADs. The long-term 
consequences of interventions can be investigated.

ADs and depression are commonly found to coexist. 
Participants with one condition were generally at higher 
risk for the other condition. Future studies should explore 
the relationship between ADs and depression, especially 
given that older adults often suffer from comorbidities. 
Maintaining mental health is crucial, not only to improve 
daily functioning, strengthen relationships, and enhance 
self-image, but also to address physical health issues 
related to mental health conditions. It could help reduce 
the prevalence of ADs by supporting older adults’ 
participation in physical activities and reducing social 
isolation.49 Encouraging proper intake of fortified food and 
supplements to prevent deficiencies of necessary vitamins 
is also essential. Given the burden on health-care resources, 
these efforts may promote inclusivity in policymaking, 
especially in identifying strategies in the public health field 
to promote reduced inequalities and improved mental 
health.
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