Predicting the outcomes of internet-based cognitive behavioral therapy for
tinnitus: Applications of Artificial Neural Network and Support Vector
Machine

Hansapani Rodrigo,'* Eldré W. Beukes,>>* Gerhard Andersson,>® & Vinaya
Manchaiah,23%7
1. School of Mathematical and Statistical Sciences, University of Texas Rio Grande Valley,
Edinburg, Texas, USA
2. Department of Speech and Hearing Sciences, Lamar University, Beaumont, Texas, USA
3. Virtual Hearing Lab, Collaborative initiative between Lamar University and University of
Pretoria
4. Vision and Hearing Sciences Research Centre, School of Psychology and Sport Science,
Anglia Ruskin University, Cambridge, United Kingdom
5. Department of Behavioral Sciences and Learning, Department of Biomedical and Clinical
Sciences, Linkdping University, Linkdping, Sweden
6. Department of Clinical Neuroscience, Division of Psychiatry, Karolinska Institute,
Stockholm, Sweden
7. Department of Speech and Hearing, School of Allied Health Sciences, Manipal,
Karnataka, India

Corresponding Author
Author: Hansapani Rodrigo, PhD
Communication address: School of Mathematical and Statistical Sciences,
University of Texas Rio Grande Valley,
1201 W University Drive, Edinburg, TX, 78539, USA
Email: hansapani.rodrigo@utrgv.edu
Tel: +1 (956) 665 2349

Conflicts of Interest

None declared.
Abstract

Purpose: Internet-based cognitive behavioral therapy (ICBT) has been found to be effective for
tinnitus management, although there is limited understanding about who will benefit the most
from ICBT. Traditional statistical models have largely failed to identify the non-linear

associations and hence find strong predictors of success with ICBT. The current study aimed at



examining the use of an artificial neural network (ANN) and support vector machine (SVM) to

identify variables associated with treatment success in ICBT for tinnitus.

Method: The study involved a secondary analysis of data from 228 individuals who had
completed ICBT in previous intervention studies. A 13-point reduction in Tinnitus Functional
Index (TFI) was defined as a successful outcome. There were 33 predictor variables, including
demographic, tinnitus, hearing-related, and treatment-related variables and clinical factors
(anxiety, depression, insomnia, hyperacusis, hearing disability, cognitive function, and life
satisfaction). Predictive models using ANN and SVM were developed and evaluated for
classification accuracy. SHapley Additive exPlanations (SHAP) analysis was used to identify the
relative predictor variable importance using the best predictive model for a successful treatment

outcome.

Results: The best predictive model was achieved with the ANN with an average area under the
receiver operating characteristic (AUC) value of 0.73 £+ 0.03. The SHAP analysis revealed that
having a higher education level and a greater baseline tinnitus severity were the most critical

factors that influence treatment outcome positively.

Conclusions: Predictive models such as ANN and SVM help predict ICBT treatment outcomes

and identify predictors of outcome. However, further work is needed to examine predictors that

were not considered in this study as well as to improve the predictive power of these models.

Registration: Clinicaltrials.gov NCT02370810; Clinicaltrials.gov NCT02665975.
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Introduction

Tinnitus is a prevalent hearing-related condition that affects 10-15% of the adult population
(McCormack et al., 2016). It is a highly heterogeneous condition in the way it is perceived and
how individuals react to it. While tinnitus does not have an effect on the daily life of most people
afflicted, a significant proportion report that tinnitus severely affects the performance of their
essential day-to-day tasks (Beukes et al., 2021). The common problems and life effects reported
by individuals with tinnitus may include difficulties in emotional function, sleep, hearing,
reduced energy levels, problems in handling stress, and social problems, including work and
family (Beukes et al., 2018a; Manchaiah et al., 2018). Tinnitus is also associated with various
clinical conditions such as hearing loss, anxiety, and depression. While there is no cure for
tinnitus, there are various management strategies with varied empirical support (Tunkel et al.,

2014).

According to most reviews and treatment guidelines, Cognitive behavioral therapy (CBT) based
on psychological principles has the most robust research support for tinnitus management (Fuller
et al., 2020; Landry et al., 2020). CBT is based on the basic principle that what we think, how we
feel, and how we behave are all closely connected, and each of these factors well-being. Due to

this interconnectedness, addressing either unhelpful thoughts, emotions, reactions, or behaviors



can lead to improvements associated with numerous disorders. CBT principles have been
tailored as effective interventions for many different disorders including anxiety (Axelesson et
al., 2019), depression ( Lopez-Lopez et al., 2019) and insomnia (van der Zweerde et al., 2019),
all which are often associated with tinnitus.

However, CBT is not easily accessible due to the limited number of trained professionals who
can offer CBT for tinnitus (Bhatt et al., 2016). To increase the accessibility and affordability of
CBT for tinnitus, an internet-based CBT (ICBT) was developed as a self-help format of CBT
with minimal guidance from therapists. Numerous advantages of this approach have expanded its
applicability, including its accessibility and flexibility and being convenient and informative
(Beukes et al., 2018b). It furthermore requires less resources, having less associated stigma,
partly due to maintaining anonymity and privacy and providing a standardized-evidence based
treatment (Barak et al., 2008). As it is easy transferable, translatable and cultural adaptably, it
has potential to reach global communities. (Warmerdam et al., 2010)

As its efficacy and effectiveness have been demonstrated of other conditions associated with
tinnitus e.g. insomnia (Yu et al. (2019), it was later also developed for tinnitus (Andersson et al.,
2002). Several controlled trials across the globe have shown positive outcomes of ICBT for
tinnitus (for review, see Beukes et al., 2019)., but there is limited understanding of who will

benefit from ICBT.

To identify for who ICBT is more suitable, studies have examined predictors of ICBT outcomes.
Lower engagement has been found to be one of the main barriers of ICBT, estimated in about a
quarter of all ICBT patients. Predictors of non-compliance are related to greater severity and

higher levels of associated anxiety.



Factors including higher engagement and an increase in knowledge have led to lager reductions
in severity for ICBT for insomnia. (Kraepelien et al. 2021) Only a few previous studies have
examined predictors of ICBT outcomes for tinnitus. Kaldo-Sandstrom et al. (2004) examined
predictors of ICBT outcomes in a clinical population in Sweden. They reported that intervention
compliance, external referral to the treatment, and the number of previous tinnitus treatments
were associated with positive outcomes. In contrast, the number of messages sent to their
therapist concerning the treatment problem was associated with worse outcomes. Further
identified trends were that patients referred from external routes and those undertaking previous
treatments had better outcomes.

When evaluating the long-term (1-year) outcomes of ICBT in the UK from a self-selected
research population, Beukes, et al., 2018c) found that baseline tinnitus severity, engagement with
the ICBT program (more modules read), and higher self-reported satisfaction with the
intervention were critical predictors of ICBT success. Rodrigo et al. (2021a) found that baseline
tinnitus severity and education levels were predictors of ICBT outcome when applying univariate
and multivariable models to a self-recruited research population undertaking ICBT in the UK. In
a follow-up study, we used various exploratory techniques (Rodrigo et al., 2021b), namely
classification and regression trees (CART) (Breiman et al., 1984), C5.0 decision trees (Quinlan,
1993), Gradient Boosting (Friedman, 2001), AdaBoost algorithm (Gandhi, 2008), eXtreme
gradient Boosting (Chen, et al. 2016) and Random Forest (Breiman, 2001) to examine the
presence of any non-linear associations with the response. The CART decision tree model was
identified as the optimal decision tree model. Nevertheless, its predictive power was still

considered low (accuracy of 74%, sensitivity of 74%, specificity of 64%, and area under the



receiver operating characteristic curve (AUC) of 0.69. This brought the necessity of exploring

other non-linear techniques to determine the most valuable predictors of outcome.

Artificial Intelligence and Machine Learning (AI/ML) algorithms have become popular methods
to predict outcomes in various rehabilitative practices. AI/MLs have been applied to
audiovestibular data since the 1980s (Juhola et al., 2001). Several studies have reported that
machine learning techniques such as artificial neural network (ANN) and support vector machine
(SVM) have yielded more favorable results than other techniques for audiovestibular data (Haro

et al., 2020; Niemann et al., 2020; Wang, 2017; Zhao et al., 2019).

ANN is an information processing archetype inspired by biological neural networks systems,
such as the brain (McCulloch et al., 1943). ANNS are typically organized in layers where each
layer is made up of a number of interconnected 'neurons' (also known as nodes) which contain an
'activation function'. The purpose of the activation function is to introduce non-linearity into the
output of a neuron. This makes ANNSs capable of capturing complex relationships intrinsic to the
data. SVM (Cortes et al., 1995) is another well-known classifier that falls under supervised
learning algorithms that uses the concept of “margin” to classify between two classes. SVM uses
different kernels like linear, polynomial, and radial basis to transform the inputs to higher

dimensional feature space to assist in this task.

Few studies have applied ML to identify pre-intervention factors that may predict treatment
outcomes for tinnitus. Niemann et al. (2020) applied Al techniques to determine treatment

predictors for 1,416 patients completing a 7-day multi-modal treatment for tinnitus. The authors



used 205 predictor variables, including sociodemographic and clinical factors. As per their
findings, gradient boosted trees were identified to be the optimal classifier at predicting tinnitus-
related distress post-intervention. The variables, perceived tinnitus-related impairment,
depressive symptoms, sleep problems, physical health-related impairments in quality of life, time
spent to complete questionnaires, and educational level, exhibited a high contribution towards
the model prediction. However, no study has used AI/ML to predict outcomes for ICBT tinnitus

treatment other than our recent study (Rodrigo et al., 2021b).

The current study aimed to examine the applications of AI/ML, specifically using ANN and
SVM to identify variables associated with positive treatment outcomes in ICBT for tinnitus. First
of all, we intend to identify the most appropriate AI/ML technique that can be used to predict
treatment distress. This will be followed by identifying the most useful pre-intervention variables

that can best predict post-intervention outcomes.

Method

Study Design

The study was a secondary analysis of three different clinical trials that were used to investigate
the impact of ICBT within the period from 2016 to 2018, namely a single-group pre-test post-test
design (n=42) (Beukes et al., 2017), an efficacy randomized control (RCT) design (n=142)
(Clinical Trials.gov: NCT02370810; Beukes, Baugley, et al., 2018d), and an effectiveness RCT
design (n=46) (Clinical Trials.gov: NCT02665975; Beukes, Andersson, et al., 2018e).
Participants had completed the baseline and post-intervention outcome measures, resulting in a

pooled single data set (n = 228).



Ethical clearance was obtained from the Faculty of Science and Technology Research Ethics
Panel of Anglia Ruskin University (ARU reference: FST/FREP/14/478 and FST/FREP/14/478)
and the East of England—Cambridge South Research Ethics Committee (REC reference:
16/EE/0148) and Health Research Authority (IRAS project ID: 195565). All participants had

provided informed consent before participating in the study.

Participant Characteristics

The inclusion criteria were age at least 18 years, ability to read and type in English, access to a
computer and the internet and having bothersome tinnitus. The average age was 55.14 years (SD:
12.92), and 43% were female (see S1). Participants had varied educational backgrounds, with
26% having completed high school education, 26% having an undergraduate degree, and 13%
having a postgraduate degree. A quarter of the participants had sought tinnitus treatment

previously, and the average tinnitus duration was 18 years (SD: 19 years)

Intervention

All participants had completed an 8-week ICBT intervention (Beukes et al., 2016, 2020). The
intervention was presented in a self-help format with minimal therapist guidance and was
administered using a secured ePlatform (Manchaiah et al., 2020). During this 8-week period,
participants were represented with 2-3 learning modules that contained various elements of CBT
specifically adapted for tinnitus, including applied relaxation, cognitive restructuring, and
imagery. The digital assistive materials were presented using text, images, and videos. In

addition, various exercises were presented to improve engagement.



Data Collection

All data were collected using online questionnaires. The study participants completed an
extensive pre-intervention questionnaire, including demographics, tinnitus-related and treatment-
related information, and other clinically relevant factors. Study participants also completed
standardized patient-reported outcome measures before and after the intervention. The primary
outcome was a change in tinnitus distress, as measured by the Tinnitus Functional Index (TFI;
Meikle et al., 2012). The secondary outcome measures included the Insomnia Severity Index
(IST; Bastien et al., 2001) as a measure of insomnia, the Generalized Anxiety Disorder (GAD-7;
Spitzer et al., 2006) as a measure of anxiety, the Patient Health Questionnaire (PHQ-9; Spitzer et
al., 1999) as a measure of depressive symptoms, the Hearing Handicap Inventory for Adults
Screening version (HHIA-S; Newman et al., 1991) as a measure of self-reported hearing
disability, the Hyperacusis Questionnaire (HQ; Khalfa et al., 2002) to assess the presence of
hyperacusis (reduced tolerance of everyday sounds), the Cognitive Failures Questionnaire (CFQ;
Broadbent et al., 1982) to evaluate cognitive functions, and the Satisfaction with Life Scales

(SWLS; Diener et al., 1985) to assess global life satisfaction.

Data Analysis

Variables

The dependent variable in the study was a change in tinnitus distress. A 13-point reduction in
TFI scores was defined as a clinically significant change (Meikle et al., 2012), indicating
successful treatment outcomes. In addition, there were 33 predictor variables, including seven
demographic variables (age, gender, education level, employment type, noise exposure, the

presence of psychological conditions, tinnitus affecting the ability to work), 15 tinnitus and



hearing-related variables (baseline tinnitus severity, tinnitus duration, how often tinnitus was
heard, tinnitus location, nine different types of tinnitus, multiple tones heard, and the presence of
hearing loss), four treatment-related variables (past treatment sought, tinnitus maskability
[defined as sound enrichment being effective in making tinnitus less noticeable], hearing aid use,
and medication use), and seven clinical factors (anxiety, depression, insomnia, hyperacusis,
hearing disability, cognitive functions, and life satisfaction). Supplementary Tables S2-S5

provide details about these variables, including the specific questions and response options.

Preliminary analysis was performed to investigate differences in baseline characteristics between
those who had shown clinically significant reduction in the TFI score vs. those who had not,
using either t-test (for quantitative variables) or Chi Square/ Fishers’ Exact (for categorical
variables) tests along with the odds ratio calculation. All analyses were two-tailed and
performed with a 0.05 significance level. R statistical software (V.3.6.3) was used for all
analyses, including predictive model development. The code and data are available upon a

reasonable request.

Predictive Models

We focused on two types of machine learning models, namely ANN (McCulloch & Pitts, 1943)
and SVM (Cortes & Vapnik, 1995). The ANN model used in this study consisted of 3 layers;
input, hidden and output. As there were 33 predictor variables (taken as inputs to the ANN) and
one outcome (taken as the output of the ANN, indicating the success or failure of the ICBT
treatment), 33 input nodes and one output node were used in training the ANN model. A varying

number of hidden nodes (from 1 to 5) and different weight decay values were examined during
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the ANN model training process. The optimal ANN model had five hidden nodes with a weight
decay of 0.1. The sigmoid activation function was used at the output layer to obtain the

predictions.

SVM employs kernel tricks and maximal margin concepts to perform better in non-linear and
high-dimensional tasks. Most of the time, even a powerful SVM model benefits from the proper
feature selection and feature extraction/transformation techniques. Two SVM models were used

in our study, one with linear kernel and one with Radial Basis Kernel (Chudzian, 2011).

Unlike traditional statistical methods are usually driven by certain distributional assumptions. If
the model assumptions are violated, the conclusions made through these will not be valid.
Moreover, when evaluating the effect of interactions within these models, those need to be added
specifically and tested. Unlike these models, ML models like ANN and SVM do not depend on
the distributions of the data and can handle complex interactions within the data (Niu, et al.
2019; Chong et al., 2021) even they not being specifically explored. More importantly, ANN and
SVM are data driven models which have shown impressive predictive accuracies over other
models (https://towardsdatascience.com/). However, ANN models are often criticized for their
black-box nature as their predictions are non-transparent and not traceable by humans (Benitez at
al., 1997). To overcome this a model-agnostic post-hoc framework, SHapley Additive
exPlanations (SHAP) was applied to facilitate model interpretation and assess the feature
importance when identifying the most influential factors leading to TFI score reduction after the
treatment (Lundberg et al., 2017, 2020). Moreover, please note that, unlike traditional statistical

methods, ANN models do not rely on model assumptions like multicollinearity (De Veaux and
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Ungar, 1994). Nevertheless, multicollinearity could affect the performance of SVM in a similar
way to that of multicollinearity in logistic regression. Therefore, we have identified the variables
which demonstrated severe multicollinearity using the generalized variation inflation factor
(GVIF), with a multiple logistic regression model. Variables with VGIF >10 indicate severe
multicollinearity. Three variables; employment type (GVIF: 525.10), tinnitus location (GVIF:
15.73) and tinnitus affecting the ability to work (GVIF: 13.78) had shown severe
multicollinearity. We ran two additional SVM models (one with linear and other with radial
basis kernels) without these three variables, to investigate the impact of their removal on the
model performance. Despite these changes, the discrimination power (as assessed by the mean
AUC) of SVM models remain lower than to the ANN model. Here, we summarize the predictive

model development process step-by-step order to facilitate the readers’ understanding.

Model Training

The data set with 228 participants was divided into two parts used for model training (80% of
data, n = 183) and testing. During the model training process, a 3-fold cross-validation process
was applied. The training data set was split into three folds, and each fold was given a chance to
act as its validation set to minimize model overfitting. Ten different replicate models were

created with different random initializations for each AI method.

Model Performance Evaluation
The discriminative power of the trained models was assessed using the mean predictive
accuracy, sensitivity (true positive rate), specificity (true negative rate), and AUC using the

testing data set. These are given as mean *+ SD based on the ten replicated models for each Al
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technique. The best predictive model was selected for further analysis based on the highest AUC

value.

Shapley Additive exPlanations for Predictor Importance

To better understand the contribution of each predictor to the final model predictions, we used
SHAP analysis (Lundberg & Su-In, 2017). SHAP measures the impact of variables taking into
account the interaction with other variables. SHAP estimates the importance of a predictor
variable by comparing what a model predicts with and without that predictor variable. As the
order in which a model sees variables can affect its predictions, every possible order was applied

to ensure that the predictors were fairly compared.

For an overall comparison of predictor variables, a matrix of SHAP values was obtained for each
participant. This matrix has one row per participant and one column per predictor, where we
summed the absolute SHAP values for each predictor variable across the data. Predictors with
large absolute SHAP values are considered globally significant. A visualization of the
importance of these predictor variables in descending order is provided for the best predictive

model.

Results

ICBT Outcome
Tinnitus distress was reduced from a mean of 58/100 points (SD: 19) to 34/100 points (SD: 23)
after completing the ICBT intervention as measured by the TFI. This reduction was significant

[t(227) = 16.37, p<.001]. A clinically meaningful score change (13-point reduction in TFI) was
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achieved by 150/228 (66%) of the participants. We have performed a series of chi-square tests to
evaluate this potential issue having higher TFI reduction mainly among the participants who had
shown higher anxiety, higher depression, and higher insomnia (tinnitus related distress factors at
baseline). However, no association was found between TFI reduction and anxiety
(OR 1.09,95 % CI:0.60,1.98,p = .774), between TFI reduction and depression

(OR 1.19,95 % CI:0.49,2.88,p = .694),, and between TFI reduction and insomnia

(OR 0.86,95 % CI:0.49,1.50,p = .587). This indicates the fact that the effect of TFI reduction
do not just associate with the participants with higher tinnitus related distress measures.
Supplementary Table S1 presents the t-test or Chi-Square/ Fishers’ Exact test results along with
the corresponding odds ratios between the groups who had either shown clinically successful

reduction or not.

Participants with a Master’s degree or above showed the highest odds

ratio(OR 4.50,95 % CI:1.59,18.47,p = .003) of success with the ICBT treatment, indicating
the importance of education. Baseline tinnitus severity was significantly different between the
two groups (y; = 53.27 (§D:20.87), x, = 60.35 (§D:17.79),t(136.06) = —2.52,p = .012).
Moreover, those for which tinnitus was not possible to mask was significantly different

(OR 3.31,95%CI:1.02,10.72,p = .042) between the groups. No other variables were
identified as significantly different among the two groups. The findings align with the Rodrigo et
al., 2021a and Rodrigo et al., 2021b studies which had performed analysis on similar data using

additional methods including linear and logistic regressions and decision tree models.
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AI/ML Model Performance Evaluations

Results for the three predictive models examined (i.e., ANN, SVM with linear kernels, SVM

with radial basis kernels) are provided in Table 1. The ANN model led to the highest mean

accuracy of 72.89% (SD: 5.22) with ten random initializations. The mean sensitivity and

specificity values were 82.67% (SD: 9.66) and 53.33 (SD: 9.94), respectively. The mean AUC

value was 0.73 (SD: 0.03). The AUC is a measure of the discrimination capacity of the model,

i.e., the ability of the model to correctly identify those who might have a successful treatment

outcome vs. those who do not. A general rule of thumb is that an AUC between 0.90-1.00

indicates excellent discriminative power, an AUC between 0.8-0.9 indicates good discriminatory

power and an AUC between 0.70 — 0.80 indicates an adequate discriminative power. Hence, all

three predictive models presented in this paper show sufficient discriminative capacity. In

contrast, ANN shows the highest average AUC out of all models considered here and in Rodrigo

et al. (2021b).

Table 1: Predictive model evaluations

Classification Model Accuracy (%; Sensitivity (true Specificity (true Area under the
SD) positive rate%; negative rate%; ROC curve
SD) SD) (AUC%; SD)

ANN 72.89 + 5.22 82.67 + 9.66 53.33 £ 9.94 0.73 + 0.03
SVM with Linear 69.12 + 1.62 72.65 £ 4.40 61.99 + 8.93 0.72 £ 0.01
Kernel
SVM with Linear 65.78% 3.95 84.00+ 7.67 29.33+ 25.77 0.68+ 0.00
Kernel (without
variables VIF>10)
SVM with Radial 67.11+ 4.54 74.33 £7.22 52.66 +2.10 0.70 £ 0.00
Basis Kernel
SVM with Radial 66.66+ 4.45 82.00+ 5.71 35.99+ 23.38 0.67+0.01
Basis Kernel (without
variables VIF>10)

Note. ROC = receiver operating characteristic; AUC = area under the receiver operating characteristic; ANN =

artificial neural network; SVM = support vector machine; VIF = variation inflation factor.
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Figure 1: Feature importance based on mean absolute SHapley Additive exPlanations (SHAP) values

from the optimal artificial neural network (ANN) model.

Predictor Variable Importance with the Best ANN Predictive Model

Figure 1 shows the relative importance of each predictor variable towards the outcome variable

based on the mean absolute SHAP values as identified by the optimal ANN model. These mean
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SHAP values represent the absolute change in log odds associated with a particular predictor
variable. Hence, predictors with higher magnitude SHAP values indicate greater predictive
power. As per the mean absolute SHAP values, Education level, baseline tinnitus severity,
presence of insomnia, employment type, and hearing aid usage were the top five predictive
variables that are most influential towards the outcome. Following is a summary of individual

predictor variable category effects for those top five predictor variables.

Demographic variables
= Higher education level (positive effect Bachelor’s degree and Master’s degree or above).
= Age (positive effect for age >57 years).
= Employment type (positive effect professional, administrative, skilled tradesman, service

occupation, medical, sales, home maker, student).

Tinnitus-related variables
e (reater baseline TFI score (positive effect with Pre TFI > 55.2/100).
e Tinnitus location (positive effect for tinnitus in only one ear, unsure and other
categories).
e Positive effect for participants who described their tinnitus as a buzzing sound.

e Negative effect for participants who described their tinnitus as a clicking sound.

17



Treatment-related variables
¢ Tinnitus maskability defined as sound enrichment being effective in making tinnitus less
noticable (positive effect for participants who never experienced tinnitus maskability at
all or just partially).
e Hearing aid use (positive effect for those who did not use a hearing aid or used an aid

only in one ear).

Clinical variables

e Insomnia (positive effect with lower insomnia < 14/28)

Figure 2 shows the impact of each predictor variable category (feature effect) on the outcome. A
positive SHAP value on a given feature, for the plot named “1” (where 1 indicates the group with
successful treatment outcome) reflects a positive impact from that category on the treatment
outcome, while a negative SHAP value indicates a negative effect on the outcome. Positive
treatment effects were found for the groups who had: higher education level (Bachelor’s degree
and Master’s degree or above), and greater baseline tinnitus severity (Pre TFI > 55.2/100), lower
insomnia (ISA < 14/28), employment types (professionals, administrative, skilled tradesmen,
service occupational, medical, sales, homemaker, and students), hearing aid usage (using only
one hearing aid or none), presence of buzzing type of tinnitus, maskability of tinnitus [defined as
sound enrichment being effective in making tinnitus less noticeable], (participants who never
had tinnitus maskability at all or just partially), participants with age>57 years, and tinnitus

location (who had their tinnitus in only one ear, unsure and other categories).
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Figure 2: Effect of individual features on the outcomes according to the ANN model. Each graph

represents a feature vs. corresponding Shapley Additive explanation (SHAP) value.

Discussion

AI/ML approaches have not previously been applied to predict treatment outcomes. The current
study examined the applications of a few AI/ML based models (ANN and SVM) in predicting
the ICBT outcomes for tinnitus. Of the three models reviewed, the ANN model had the best
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predictive accuracy of post-intervention improvement with a fair AUC value (0.73). The SVM
models with linear kernel and also radial basis kernel had AUC values of 0.72 and 0.70,
respectively. The ANN was also more accurate than other data mining models like CART
decision tree models (Rodrigo et al., 2021b). These findings align with several previous studies
on audiovestibular data, identifying that ANN models are superior when examining
audiovestibular data (Haro et al., 2020; Zhao et al., 2019). In contrast, a study examining the
outcomes of a multi-modal 7-day program for tinnitus found the gradient boosting model has the
highest predictive accuracy (Niemann et al., 2020). The difference could be due to different

predictor variables, differences in sample size and different outcome measures.

Education level and baseline tinnitus severity have been consistently significant predictors
throughout all our analyses (Rodrigo et al., 2021a, Rodrigo et al., 2021b). Those with a master’s
education or higher and greater baseline tinnitus severity had shown high potential for ICBT
success. This was expected as having good literacy skills is essential when understanding the
intervention materials. The intervention materials used in these studies were written at an
average of ninth-grade reading level, suggesting that they were not easily accessible for
participants with only a high school education (Rodrigo et al., 2021a). The association of greater
tinnitus severity for a successful ICBT treatment has been demonstrated earlier by Beukes et al.,
2018c. More details on how other factors that have been identified in this study are related to
ICBT treatment success can be found in Rodrigo et al., 2021b. For other ICBT studies, greater
severity and higher levels of associated anxiety have been found to be predictors. Higher
intervention engagement and an increase in knowledge been further predictors to reduce the

severity of symptoms(Rozental et al., 2019) , from which parallels can also be drawn. Similar
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results have also been obtained from ICBT for insomnia(Yeung et al., 2015) indicating greater

insomnia, anxiety and depression predicted non-completion.

Although the ANN had the best predictive accuracy for the present study, its discriminative
capacity was only moderate (Swets, 1988). In general, a model giving an AUC value of 0.90 or
above has high discriminative power. Using a larger sample size and incorporating more relevant
predictive variables might improve the predictive accuracy (Figueroa et al., 2012). Moreover, as
the performance of models evaluated in this study and previous studies was similar (Niemann et

al., 2020; Rodrigo et al., 2021b), it may be helpful to consider multiple models in future studies.

In addition to evaluating the predictive accuracy of data mining models, it is essential to examine
which predictive variables contributed most to these models. In the current study, education type
and the baseline tinnitus severity were the most significant predictors of ICBT success. Most of
these findings are consistent with previous studies that have used univariate, multivariable and
other data mining techniques (Rodrigo et al., 2021a, 2021b). As ICBT is a self-help intervention,
being able to read and follow written instructions is very important. For this reason, it is not
surprising that those with a master’s level of education or above had higher success. However,
efforts should be made to improve the accessibility of ICBT so that even those with limited
education will receive good benefits. This can be done by revising the intervention for
readability as we have done in the recent US version of the program (Beukes et al., 2020), as
well as using a video-based intervention. Moreover, individuals with higher tinnitus distress
(those with TFI scores of more than 50) are the ones who require more aggressive interventions

such as the 8-week CBT program. For this reason, it is also not surprising that baseline tinnitus
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severity was the best predictor of ICBT success. However, efforts are needed to create different
versions of the program to cater to individuals with varying levels of severity. In addition, the
study was limited in terms of the number of predictive variables included. For this reason, future
studies should aim to have other possible variables (e.g., health literacy, motivation, engagement,

adherence) that may influence the ICBT success.

In conclusion, this study has shown decision tree models such as ANN and SVM help predict
ICBT treatment outcomes as well as in identifying the predictors of outcome. Further work is
recommended using more variables and larger sample sizes to improve the predictive power of

these models.
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