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Abstract

Background: Rapid digitalization in health care has led to the adoption of digital technologies; however, limited trust in
internet-based health decisions and the need for technical personnel hinder the use of smartphones and machinelearning applications.
To addressthis, automated machinelearning (AutoML ) isapromising tool that can empower health care professionalsto enhance
the effectiveness of mobile health apps.

Objective: We used AutoML to analyze data from clinical studies involving patients with chronic hand and/or foot eczema or
psoriasis vulgariswho used asmartphone monitoring app. The analysisfocused on itching, pain, Dermatology Life Quality Index
(DLQI) development, and app use.

Methods: After extensive data set preparation, which consisted of combining 3 primary data sets by extracting common features
and by computing new features, a new pseudonymized secondary data set with atotal of 368 patientswas created. Next, multiple
machine learning classification models were built during AutoML processing, with the most accurate models ultimately selected
for further data set analysis.

Results: Itching development for 6 months was accurately modeled using the light gradient boosted trees classifier model (log
loss: 0.9302 for validation, 1.0193 for cross-validation, and 0.9167 for holdout). Pain development for 6 months was assessed
using the random forest classifier model (log loss: 1.1799 for validation, 1.1561 for cross-validation, and 1.0976 for holdout).
Then, the random forest classifier model (log loss: 1.3670 for validation, 1.4354 for cross-validation, and 1.3974 for holdout)
was used again to estimate the DL QI devel opment for 6 months. Finally, app use was analyzed using an elastic net blender model
(areaunder the curve: 0.6567 for validation, 0.6207 for cross-validation, and 0.7232 for holdout). Influential feature correlations
were identified, including BMI, age, disease activity, DLQI, and Hospital Anxiety and Depression Scale-Anxiety scores at
follow-up. App use increased with BMI >35, was less common in patients aged >47 years and those aged 23 to 31 years, and
was more common in those with higher disease activity. A Hospital Anxiety and Depression Scale-Anxiety score>8 had adlightly
positive effect on app use.
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Conclusions: This study provides valuable insights into the relationship between data characteristics and targeted outcomesin
patients with chronic eczema or psoriasis, highlighting the potential of smartphone and AutoML techniquesinimproving chronic

disease management and patient care.

(J Med Internet Res 2023;25:€50886) doi: 10.2196/50886
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Introduction

Background

The process of digitalization of the world’s economic and socia
systems has been advancing at an increasing ratein recent years.
In addition, the COVID-19 pandemic acted as a catalyst for the
digital transformation of industries and businesses [1]. New
digital technologies have inevitably affected the health care
sector aswell. Telemedicine is being implemented to exchange
medical data remotely [2], telemonitoring facilitates rea-time
observations of patients who are bedridden or chronically ill
[3], and video consultation quickly became a necessity during
the COVID-19 lockdown [4]. Moreover, smartphones have
emerged as the main communication device worldwide [5],
with computing capabilitiesthat go beyond the scope of asimple
phone call or SMStext message. Their implementation in health
care systems has been termed mobile health (mHealth) by the
World Health Organization [6] and has already provided
growing evidence of improvements in health outcomes and
health services[7-9].

For the past decade, Germany has made considerable effortsto
digitalize its health care system [10]. For this purpose, the
German parliament passed the Digital Healthcare Act (ie,
Digitale-Versorgung-Gesetz) on November 7, 2019, allowing
physicians to prescribe digital health applications, which are
reimbursed by statutory health insurers[11]. However, arecent
nationwide cross-sectiona survey showed that the actual use
of digital health applicationsin Germany is not widespread and
that users’ trust in internet-based health decisionsis low [12].
Furthermore, thereisascarcity of health care app usein certain
German health care sectors such as psychiatry [13]. A possible
explanation for the lower use of mHealth apps among patients
could be their unknown effectiveness and the lack of
high-quality studies [14]. We have previously shown that
patients with psoriasis undergoing an educational program
combined with amonitoring smartphone app had asignificantly
greater reduction in depression and anxiety symptoms when
using the app less than once a month [15]. Notably, the
long-term effects observed for >60 weeks in the same clinical
trial showed similar significant reductions in depression and
anxiety [16]. As the educational program alone did not show
any influence on these psychological symptoms [17], the use
of the monitoring app provided an additional benefit to the
mental health of patients with psoriasis. This is particularly
relevant given that psychiatric comorbiditiesare highly prevalent
in chronic diseases such as psoriasis[18,19].

Psoriasis is a chronic inflammatory skin disease that has
systemic pathological effects and is associated with psoriatic
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arthritisin almost 30% of the cases[20]. Asthereisno curative
therapy for psoriasis, various treatments are used to control its
symptoms, which can be disabling in some cases [21].
Moreover, psoriasis is known to heavily affect patients
health-related quality of life (QoL) [22], which may be
exacerbated by comorbidities[23]. Another distinct yet similarly
burdensome chronic inflammatory skin disease is atopic
dermatitis, which is characterized by pruritus and skin barrier
dysfunction. As psoriasis and atopic dermatitis share common
features such as immune cell infiltration of the skin with
overexpression of proinflammatory cytokines, genetic
predisposition triggered by environmental factors, and having
a negative impact on individuals and society, they are often
discussed together by clinicians and epidemiologists [24,25].
Despite recent advancesin the development of both topical and
systemic therapies for psoriasis and eczema [26,27], these 2
conditions remain the most common chronic skin diseases
worldwide, with acombined prevalence of 3% to 10% and rising
[25]. Knowing that smartphone apps have emerged as effective
tools in the management of chronic diseases [28], the
implementation of further digital technologies could help to
treat chronic psoriasis and eczema.

Another area of technology that is increasingly being used in
heslth careismachinelearning (ML), asubdiscipline of artificial
intelligence [29]. ML trains a predictive computational model
by recognizing patterns in data and then using that model to
make predictions. ML applications in health care include
forecasting disease progression and mortality, classifying
diseasesfrom clinical images, or interpreting genomic data[30].
Despiteitsdiagnostic and predictive capabilities, ML still relies
on data scientists to perform complex tasks that facilitate ML
analysis. To name afew, these tasksinclude data set preparation,
selection of a single appropriate computational model,
optimization of hyperparameters, or postprocessing of the
selected model. As a result, the growing demand for ML
applications cannot be met by non—data scientists [31]. This
problem has been addressed using a novel, user-friendly ML
technology called automated ML (AutoML) [32]. AutoML
enables researchers without extensive coding or data science
expertise to rapidly build superior predictive models by
performing massive parallel processing. Given that health care
systems generate extensive amounts of so-called big data sets
[33,34], AutoML servesas an ideal tool to quickly analyze big
data and build predictive models that clinics can use to reduce
costs and improve patient care. We have recently performed
forecasting of several diseases using AutoML on an
International Classification of Diseases, Tenth Revision
(ICD-10) database of an entire European country [35,36].
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ML approaches have been applied extensively in dermatol ogy.
The main area of ML application in dermatology is disease
classification using clinical or histopathological images [37].
Skin cancer data, especially melanomadata, are mainly used to
train ML algorithmsto detect these malignant lesions at an early
stage. Notably, patients seem to accept ML-based applications
for melanoma diagnosis, whereas there are no data on the
acceptance of ML for melanoma diagnosis among clinicians
[38]. Conversely, artificial intelligence—based classification of
histopathol ogical melanomaimages has been met with criticism
by practicing clinicians because of cropped, unsuitable images
or omission of borderline lesions [39]. Regarding chronic skin
diseases, systematic reviews of the current literature have
identified 2 main ML use casesin psoriasis, namely, skinimage
evaluation and complication or treatment prediction [40],
whereas in atopic dermatitis, ML has been used primarily for
genomic data set analysis[41].

Objectives

In this study, we performed an AutoML analysis of a clinical
data set of patients with psoriasis and hand and foot dermatitis
who used a medical smartphone app during interventional
studies conducted at our university hospital from 2018 to 2021.
The aim of this study wasto gain new insightsinto the activity
and treatment response of these chronic diseases by considering
different variables such as comorbidities, medical scores, and
the use of a monitoring smartphone app. To our knowledge,
thisisthefirst study to apply the novel ML tool, AutoML, to a
dermatological mHealth data set.

Methods

Data Selection

Three separate primary data sets were generated from clinical
trials of patients with chronic inflammatory skin conditions
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undergoing an educational program combined with asmartphone
monitoring app [15,16]. The use of the smartphone app was
expected weekly with the intention of documenting disease
activity viapatient-generated images of the skin and completion
of a patient questionnaire including the numeric rating scale
(NRS) for pain and itching and the Dermatology Life Quality
Index (DLQI). It should be noted that pain, itching, and DLQI
scores were also additionally documented by the investigators
at baseline and at follow-up visits.

The first 2 studies were conducted between 2018 and 2020 and
included 107 patients with psoriasis vulgaris and 99 patients
with atopic and chronic hand and/or foot eczema. Their primary
data sets consisted of 135 and 88 different patient characteristics,
respectively, that is, features, including general health
parameters (eg, age, height, and weight); comorbidities and
therapeutic parameters (eg, preexisting conditions and
medications); laboratory test results (eg, renal and liver status
and C-reactive protein level); imaging (eg, photo
documentation); lifestyle and social parameters (eg, marital
status, occupation, nationality, and sports); smartphone app
parameters (eg, skin status, disease activity, pain, and itching);
and medical scores (eg, Physician Global Assessment, Visual
Analog Scale, NRS, and DLQI; Figure 1). Follow-up visitswere
conducted at 3, 6, 9, and 15 months after the start of the study.
A third clinical trial using the same smartphone monitoring app
was conducted from 2020 to 2021 with 202 participants,
predominantly those with both psoriasis vulgaris and psoriatic
arthritis. These patients were evaluated at 3 different visits: at
study onset, at 3 months, and at 6 months. Similar patient data
were aso collected, including psoriatic arthritis parameters,
resultingin atotal of 552 features. All 3 studieswere conducted
in our Department of Dermatology by the sameteam of clinical
investigators.
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Figure 1. Genera overview of patient characteristics (features) of the 3 primary data sets categorized into different parameter groups. Patient features
were grouped into general health parameters, examination parameters, lifestyle and social parameters, smartphone app parameters, and medical scores.
Only common featuresin all 3 primary data sets were extracted to create a secondary data set of patientswith psoriasis vulgaris and chronic hand and/or

foot eczema.

age, height, weight, gender, BMI, blood
pressure values, pulse, and hip and waist
circumference

Other

preexisting conditions, medication
(substance class, doses and intervals, therapy
change, change of doses, medication side
effects, previous therapies, type and duration,
therapy change and reasons), skin type
(Fitzpatrick classification), age at disease
manifestation, time passed since diagnosis,
time passed since first disease manifestation,
comorbidities, and allergies

Comorbidities and
therapeutic parameters

General health parameters

kidney and liver status, C-reactive-protein
(CRP), BSS, rheuma-factor, anti-CCP-AB,

Lifestyle and social parameters®

family status, occupation, nationality,
exercise time per week, highest academic
degree, job type, social interactions,
smartphone ownership and usage,

family and friend contacts, hobbies,

pets, culture, vacation, nicotine. drug
and alcohol consumption

r

skin status, disease activity,

pain, itching, joint status,

SMS text messages or lexts, communication with
examiners through chat function of

smartphone monitoring app. therapy status,
therapy type, concording symptoms such as pain
and itching, activities in smartphone monitoring
app. duration and frequency of app use,

number of recorded pictures or videos, and
number of log-ins, texts and questions

ANA, ENA-AB, ds-DNA-AB, ANCA, . Secondary J
HLA-B27. quantiferon-test, Laboratory test results data set
Hepatitis-B and -C serology, and HIV test - E .

Xamination

parameters

T

photo documentation, pseudonymized Imaging
pictures of skin and joints made with the .

camera function of smartphone monitoring
app by patients, chest x-ray, ultrasound
imaging of joints, MRI, and CT scans

Data Preparation and Extraction

Given the identical conditions and similar design of the
abovementioned clinical trias, we extracted and merged all
common features from their primary data sets to create a new
secondary data set with patients with both psoriasis vulgaris
and hand and/or foot eczema (Figure 1). The newly combined
secondary data set consisted of 368 patients with 67 different
features. Patients lost to follow-up or those with incomplete
data set featureswere excluded. Furthermore, new featureswere
created to enrich the data set and gain further insight into the
course of the clinical studies, therapy efficacies, and health
effects of the smartphone monitoring app used. Specifically,
new general health parameters were added by calculating BMI,
physical activity level according to patients’ job type, and
exercisetime per week (Multimedia Appendices 1 and 2). With
regard to medical scores, the development of pain and itching,
DLQI, Hospita Anxiety and Depression (HADS)-Anxiety
(HADS-A) score, and HADS-Depression (HADS-D) score
between study inclusion and the 6-month follow-up visit were
also calculated. Pain and itching status devel opment was defined
as “reduction of itching or pain,” “consistently itch free or pain
free” “became free of itching,” “constant low level of itching
or pain,” “increase in itching or pain,” and “constant severe
itching or pain” (Multimedia Appendix 2). DLQI development
after 6 months was categorized as “improved QoL,”
“consistently best QoL,” “consistently good QoL ,” “ consistently
mediocre QoL,” “reduction in QoL,” and “consistently poor
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Physician Global Assessment

Visual analog scales

numeric rating scale for compliance and adherence, pain and itching
Dermatology Life Quality Index

Psoriasis Area Seventy Index

Likert scale

Acivity- and mood scale

Hospital Anxiety and Depression Scale

Classification eriteria for Psoriatic Arthritis

Arthritis: 66/68: (number of tender joints, and swollen joints)
Chinical Disease Activity Score

Simplified Disease Activity Score

Disease Activity Score 28

Disease Activity in Psonatic Arthrtis

Enthesitis-Score Spondyloarthritis Research Consortium of Canada
Leeds Dactylitis Index

Ankylosing Spondylitis Disease Activity Score

Bath Ankylosing Spondyhtis Functional Index

Bath Ankylosing Spondylitis Metrology Index

Bath Ankylosing Spondylitis Disease Activity Index
Medication Adherence Report Scale

Medical scores

QoL.” In addition, the DLQI at onset and at 3-month and
6-month follow-up, together with HADS-A and HADS-D, were
further reclassified as categorical featureswith predefined cutoff
values (Multimedia Appendix 2). Images and blood test results
were excluded owing to high heterogeneity. Other intentionally
excluded features are the Psoriasis Areaand Severity Index and
Hand Eczema Severity Index scores, which are highly specific
for one or the other disease. Most rheumatic scores, which only
represent joint involvement in psoriatic arthritis, were also
excluded. Such scoresinclude the Bath Ankylosing Spondylitis
Disease Activity Index, Classification for Psoriatic Arthritis,
Ankylosing Spondylitis Disease Activity Score, and Clinical
Disease Activity Index. Finally, new smartphone app parameters
were also extracted and cal culated from the app logs, including
average pain, itching, DLQI, and HADS ratings, hereafter
referred to as “app average pain,” “app average itching,” “app
average DLQI,” and “app average mood” (Multimedia
Appendices 1 and 2). The datawere not normalized during data
preparation. This pseudonymized secondary data set, containing
only common and newly computed features, was used for further
AutoML analysis.

Experimental Setup and Exploratory Data Analyses

After extensive data preparation, the secondary clinical data set
was imported into the DataRobot AutoML platform [36,42].
The AutoML platform performs an initial exploratory data
analysis to summarize the data set’s main characteristics and
to automatically create feature transformations. The automatic
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feature transformations do not replace the raw features but
categorize them into different types (eg, numeric, categorical,
Boolean, date, currency, and percentage). Moreover, numerical
statistics such as mean, SD, median, minimum, and maximum
are provided for the numerical features, and the frequency
distribution is shown for the top 50 items of each feature
(Multimedia Appendix 3). Then, a target is selected, and a
second exploratory data analysis is performed for the
recal culation of the numerical statistics, feature correlation with
the target, and model building. Additional data quality issues
areidentified, including outliers, multicategorical format errors,
inliers, excess zeros, hidden missing values, and target |eakage.
A report on the handling of dataquality, including the processing
of missing values, is provided in Multimedia Appendix 3.
Outliersareidentified using the algorithm by Ueda[43], whereas
target leakages are either calculated and flagged for the user to
check or automatically removed if they exceed a certain
threshold (Multimedia Appendix 3).

For thisstudy, 4 different targetswere selected fromtheclinical
data set’s features list. The selected targets were “itching
development for 6 months,” “pain development for 6 months,”
“DLQI development for 6 months,” and “app use” Then, data
quality was manually improved according to the exploratory
dataanalysesresults. Redundant features and dataleakage were
removed, resulting inthefinal list of features used for modeling
(Multimedia Appendix 4). As 147 (39.9%) of the 368 total
patients lacked 3-month follow-up data, we excluded thistime
point for the targets “itching devel opment for 6 months,” “pain
development for 6 months,” and “DLQI development for 6
months” to avoid overemphasis and model building based on
missing values by the AutoML platform. This exclusion was
because of the design of the trials, which meant that not all
patients were seen at the 3-month follow-up visit, unless they
specifically requested a follow-up appointment or experienced
aworsening of their condition that required afurther intervention
in their therapy. Feature types were changed if they were
incorrectly categorized by the AutoML platform. Moreover,
oncethetarget is selected, DataRobot automatically determines
the type of analysis based on the target's feature type. A
regression analysis is performed if the target is a numerical
value, or a classification analysis is performed in case of a
categorical target. Finally, al the conditions are met to start a
massive parallel modeling process that will ultimately allow
the selection of the most accurate ML model.

M odel Selection and Documentation

During the modeling process, the AutoML platform computes
the optimum model for a certain target through countless
combinations of data transformations. It automatically ranks
model s based on procedures such as boosting, bagging, random
forests, kernel-based methods, generalized linear models, and
deep learning. Blenders can improve the model performance or
produce even more accurate versions of the superior ranking
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models. To train, validate, and rank a model, the data set is
partitioned into training, validation, and holdout sets. For
multiclasstargets 1 to 3, modeling partitions were created using
random sampling. In contrast, the partitions for the binary
classficationintarget 4 were selected using astratified sampling
to preserve the distribution of the target for each partition. The
training data segment, approximately 65% of the data set, was
used to build ML modelsthat uncover the rel ationships between
the target and al other features. The validation split,
approximately 15% of the data set, was used to test the accuracy
of the model. Once automated modeling was complete, all ML
models were ranked according to their scores on the platform’s
leaderboard. The scoreslisted were validation, cross-validation
(CV), and holdout scores. CV represents the mean of 5 scores
calculated on 5 different partitions of thetraining and validation
splits. Specifically, the nonholdout data are divided into smaller
partitions called “folds” The AutoML platform first trains
modelson asmaller portion of the dataand usesonly 1 CV fold
to evaluate model performance. It then trains only the best
modelsonthefull CV partitions. For these models, the AutoM L
platform performsk-fold (eg, 5-fold) CV training and eval uation.
Specifically, in each iteration of the model building, 4 of the 5
partitions were used to train the model, and the last 1 was
reserved for validation. Thisprocesswasrepeated 5 times, each
time switching to the next partition to be used for validation
and the remainder to be used for training (M ultimedia A ppendix
5). Thefinal CV scores are the average scores of each CV fold
performance. The holdout segment, by contrast, comprises
approximately 20% of the data set, is completely separate from
the validation and training partitions, and is not used during the
training and validation processes. It can be used as a find
estimate of the performance of an ML model. In this study, the
logarithmic (log) loss metric, or cross-entropy loss, was
primarily considered as an accuracy score when selecting the
best-performing model for multiclass classification, as with
targets1to 3, asitsadvantageslieinits suitability for evaluating
imbalanced data sets [44,45]. This performance metric is
considered an appropriate and widely used evaluation metric
for ML applications [46]. For binary classification, as was the
case for target 4, we considered the area under the receiver
operating characteristic (ROC) curve as the main performance
metric for amore accessibleinterpretation. ROC areaunder the
curve (AUC) values are provided for multiclass models as
macroaverages from each class, weighted by the number of true
instances for each class. Other calculated estimators included
accuracy, fraction of variance explained (FV E) multinomial or
binomial, F;-score, recall, and precision.

To provide insight into the modeling process, DataRobot
produces amodel-specific documentation including ablueprint.
The blueprints contain al the preprocessing steps, modeling
algorithms, and postprocessing steps that have been performed
during model building. Figure 2 shows a graphical layout of
the ML model selected for each target.
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Figure2. Model development workflow process (model blueprint) for selected targets: (A) "itching development for 6 months," (B) "pain development
for 6 months," (C) "DLQI development for 6 months," and (D) "app use." During modeling process, the AutoML platform performs avariety of feature
engineering combinations, preprocessing techniques and machine learning a gorithms to uncover relationships and patterns between the selected target
and the data set's features. The graphic depicts the numerous steps necessary to convert input predictors and targets into a model. Each blueprint node
can represent multiple processing steps. AutoML : automated machine learning; DLQI: Dermatology Life Quality Index.
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Ethical Consider ations

This study was reviewed and approved by the Medical Ethics
Committee |1 of the Medical Faculty Mannheim, Heidelberg
University, Germany (2021-895). The 3 clinicd trials conducted
between 2018 and 2021, whose primary data sets were used to
generate the secondary data set of this study, were approved by
the samemedical ethics committee and conducted in accordance
with the principles of the Declaration of Helsinki
(2017-655N-MA and 2020-515N-MA).

Results

Overview

The management of chronic skin diseases mainly consists of
alleviating symptoms and ensuring a better QoL because cures
are still not available despite recent biomedical advances.
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Therefore, after preparing and revising the secondary data set,
we set out to identify critical relationships among its different
data features to better understand how symptoms and QoL are
influenced by other data set parameters. Therefore, we selected
the development of itching and pain and the DLQI score for 6
months after study entry as AutoML targets. Given that our
disease monitoring app, used in clinical trials for patients with
psoriasis and hand and/or foot eczema, showed significant
benefits in reducing depression and anxiety in patients with
psoriasis [15,16] and improving QoL and pain measures in
patients with eczema [47], we a so chose the patient use of the
app as another outcome to better understand the patients
willingnessto usethe app and their compliance with using such
a digital medical tool, as influenced by the different data set
features.

A multiclass classification analysiswas performed for the target
“itching devel opment for 6 months’ (Figure 2A), training atotal
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of 78 models. The model selected wasthe light gradient boosted
trees classifier (SoftMax loss; 64 leaves), with a log loss of
0.9302 for the validation split, 1.0193 for CV split, and 0.9167
for the holdout split (Multimedia Appendix 6; Table 1).

A further multiclass classification analysis, training a total of
54 models, was performed for the target “ pain development for
6 months’ (Figure 2B). In this case, the model chosen was a
random forest classifier (Gini). Itsmetric scoreswere alog loss
of 1.1799for validation, 1.1561 for CV, and 1.0976 for holdout,
with a sample size of 100% (293/293; Multimedia Appendix
6; Table 2).

A total of 27 models were trained for the multiclass target
“DLQI development for 6 months” (Figure 2C) with the chosen
model also being arandom forest classifier (Gini) with asample
size of 64.21% (192/299). In this case, the log loss was 1.3670

Table 1. Accuracy metricsfor thetarget “itching development for 6 months.”

Bibi et al

for validation, 1.4354 for CV, and 1.3974 for holdout
(Multimedia Appendix 6; Table 3).

Finally, a binary classification analysis was performed for the
target “app use” (Figure 2D), training a total of 216 models.
Themodel chosenwasan elastic net (ENET) blender consisting
of the 3 best-performing models for AUC in the holdout
partition, namely, the Keras slim residual neural network
classifier using training schedule (1-layer: 64 units), the extreme
gradient boosted trees classifier (learning rate=0.01), and the
stochastic gradient descent classifier. Thisfinal model achieved
an AUC score of 0.6567 for the validation split, 0.6207 for the
CV gplit, and 0.7232 for the holdout split (Multimedia Appendix
6; Table 4). Learning curves provide a more detailed view of
the performance metrics that were achieved during training
(Multimedia Appendix 7).

Logarithmic (log) loss, areaunder the curve (AUC), accuracy, and fraction

of variance explained (FVE) multinomial scoresin validation, cross-validation (CV), and holdout partitions are listed for the selected model.

Class name Log loss AUC Accuracy FVE multinomial
Validation 0.9302 0.8096 0.7234 0.2594
Ccv 1.0193 0.7748 0.6511 0.1642
Holdout 0.9167 0.6734 0.6897 0.0521

Table 2. Accuracy metrics for the target “pain development for 6 months.” Logarithmic (log) loss, area under the curve (AUC), accuracy, and fraction
of variance explained (FVE) multinomial scoresin validation, cross-validation (CV), and holdout partitions are listed for the selected model.

Class name Log loss AUC Accuracy FVE multinomial
Validation 1.1799 0.7545 0.4468 0.2047
Ccv 1.1561 0.7684 0.4596 0.2138
Hold out 1.0976 0.7622 0.5 0.1780

Table 3. Accuracy metrics for the target “Dermatology Life Quality Index development for 6 months.” Logarithmic (log) loss, area under the curve
(AUC), accuracy, and fraction of variance explained (FVE) multinomial scores in validation, cross-validation (CV), and holdout partitions are listed

for the selected model.
Class name Log loss AUC Accuracy FVE multinomial
Validation 1.4065 0.7072 0.3542 0.0799
Ccv 1.3650 0.7678 0.4250 0.1557
Holdout 1.4548 0.7260 0.4237 0.1477

Table4. Accuracy metricsfor thetarget “app use.” F1-score, recall, precision, logarithmic (log) loss, areaunder the curve (AUC), accuracy, and fraction
of variance explained (FVE) binomial scoresin validation, cross-vaidation (CV), and holdout partitions are listed for the selected model.

Partition F,-score Recall Precision Log loss AUC Accuracy FVE binomial
Validation 0.6667 0.8214 0.561 0.6509 0.6567 0.6102 0.0592
Ccv 0.6552 0.9683 0.4963 0.6698 0.6207 0.5254 0.0305
Holdout 0.7179 0.8235 0.6364 0.6389 0.7232 0.6986 0.0751

Target 1: Itching Development for 6 Months

The performance of the selected light gradient boosted tree
classifier (SoftMax 1oss) model with 64 |eaveswas demonstrated
using lift charts (Figure 3A-F). The x-axis of the presented lift
charts represents sorted and grouped numerical feature values

https://www.jmir.org/2023/1/e50886

in equal-sized bins, whereas the y-axis representsthelift, which
is the ratio of the model’s performance. The points on the lift
chart indicate the average percentage in each bin. The
“predicted” values display the average prediction score for the
rowsin that bin, whereas the “actual” values show the average
value of the data distribution within each bin. The higher the
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lift, the more effective the model is at identifying the target
outcome. Another accuracy indicator was the closeness of the
predicted line to the actual line.

The selected feature target “itching development for 6 months’
represents a newly calculated feature from the secondary data
set that was categorized into 6 different classes: reduction of
itching, consistently itch free, became free of itching, constant
low level of itching, increase in itching, and constant severe
itching (Multimedia Appendix 2). Of the 6 subclasses, “ constant
low level of itching” had the highest proportion of distribution,
with 60.85% (143/235) of the training partition attributed to
this subclass. In total, 12.3% (29/235) were attributed to the
“consistently itch freg” class, 9.8% (23/235) to “increase in
itching,” 6.8% (16/235) to “ decreaseinitching,” 6.4% (15/235)
to “constant severe itching,” and finaly 3.8% (9/235) to
“became free of itching.” Considering the closeness of the
predicted value lines to the corresponding actual value lines,
our selected model shows the best accuracy for the classes
“consistently itch free” and “increase in itching” (Figure 3B
and E). This observation was further supported by the upward
trajectories of the 2 curves. In addition, the model wasrelatively
successful inidentifying patientswho werelikely to experience
areduction in itching and a constant low level of itching after
6 months, as indicated by steadily increasing lifts (Figure 3A
and D). Finally, the model showed amoderate ability to identify
patients who will transition to an itch-free state after 6 months
or patients who will continue to experience severe itching after
6 months (Figure 3C and F). Although the predicted values for
these last 2 itching classes are somewhat scattered, thereis till
a positive trend in the curves, indicating that the model can
predict the outcome to some extent but may not be as accurate
as desired.

Feature Impact, a technique available for all model types,
measures the effect of changes in the input training data on a
model’s score. This approach, also known as permutation

https://www.jmir.org/2023/1/e50886
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importance, assesses how much a model’s error score would
worsen if predictions were made after randomly shuffling a
particular column while leaving the other columns unchanged.
The AutoML platform normalizes the scores. It assigns the
highest value to the most influential feature column and
normalizesthe other features accordingly. Part A in Multimedia
Appendix 8 shows the top 10 most influential aggregated
features for all target classes, of which “had therapy change”
had the strongest impact, normalized to 1.00. These features
can be used to better understand the factors influencing the
model’s predictions of itching development after 6 months in
patients with psoriasis and atopic dermatitis. Another important
feature impact in the aggregated chart was the DLQI score at
follow-up with animpact of 0.61 and onset disease activity with
an impact of 0.53.

Thefeature effects (Multimedia Appendix 9) demonstrate how
changes in the value of each feature affect the model’'s
predictions, with partial dependence plots providing insights
into the relationship between each feature and the target
outcome. A partial dependency plot shows the change in the
target predictions when a specific feature is altered while all
other features remain constant. For example, a selection of 3
specific features and their effects on different classes of itching
development after 6 months (Figure 3G) showed that if there
is no change in therapy during the trial, the probability of
maintaining a constant low level of itching is lower. This was
further supported by the model’s predicted value for no change
in therapy. Notably, the prediction gap between no change and
change at 6 months is between 0.56 and 0.8 probability of
itching development. The effect of “pain development for 6
months” on the “increase in itching” class shows a positive
relationship between pain development and the likelihood of
experiencing an increase in itching. Finally, the effect of the
feature “DLQI development after 6 months’ on the “reduction
of itching” class suggests that an improvement in QoL is
positively predisposing to areduction in itching.
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Figure 3. Evauation of the selected model for the target "itching development for 6 months." Lift charts for all 6 target classes for CV partition: (A)
reduction of itching, (B) consistently itch free, (C) became free of itching, (D) constant low level of itching, (E) increase in itching, and (F) constant
severe itching. (G) The selection of feature effects of the features "pain development for 6 months" on the class "increase in itching," "had therapy
change" on the class "constant low level of itching,” and "DLQI development for 6 months' on the class "reduction of itching." All feature effects are
shown for the validation partition. CV: cross-validation; DLQI: Dermatology Life Quality Index.
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Target 2: Pain Development for 6 Months

The feature “pain development for 6 months’ consists of 5
different subclasses, with a more even distribution than the
previous target subclasses in the training partition. In total,
29.4% and 26.8% were assigned to the subclasses “increase in
pain” and “constant low level of pain,” respectively. “ Constant
severepain” had thelowest proportion of all feature subclasses,
with only 5.1%. The remaining subclasses accounted for 20.4%
in the “consistently pain free” and 18.3% in the “reduction of
pain” categories.

The performance of the selected random forest classifier (Gini)
model isshown inthelift charts (Figure 4A-E) and isrelatively
accurate for most classes, with predicted values closer to the
actual values. For the classes* reduction of pain,” “constant low
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level of pain,” and “increase in pain,” the model performed

moderately well with some scatter in the predicted values
(Figures 4A, C, and D). For the “consistently pain free” and
“constant severe pain” classes, the model performed
exceptionally well with solid concordance between actual and
predicted values. Nevertheless, all lift charts show an upward
trgjectory of the curves, indicating that the model is most
effective in predicting outcomesin all target classes.

Similar to target 1, the most influential feature for al target
classes in this case was “had therapy change” but closely
followed by “onset disease activity” with a feature impact of
0.93 (Part B in Multimedia Appendix 8). Notably, “NRSitching
at follow-up”(feature impact=0.46) and “NRS itching at
onset” (feature impact=0.22) were among the top 5 most
impactful aggregated features, confirming that model
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performance on this target was mostly influenced by itching
activity during the study period. A detailed view of how the 3
most influential features affect the target classesis provided in
Multimedia Appendix 10. For example, regarding the feature
“NRS itching at the 6-month follow-up,” a higher intensity of
itching at 6 months may lead to an increase in pain intensity

Bibi et al

(Figure 4F). This association was observed in both the partial
dependence plot and the predicted values. In addition, although
the partial dependence curve showed only moderate steepness,
ahigher level of disease activity at baseline appeared to be more
favorable for achieving a reduction in pain status at 6 months,
with predicted values further confirming thistrend (Figure 4F).

Figure 4. Evaluation of the selected model for the target "pain development for 6 months." Lift charts for all 5 target classes for CV partition: (A)
reduction of pain, (B) consistently pain free, (C) constant low level of pain, (D) increase in pain, and (E) constant severe pain. (F) The selection of
feature effects of the features "NRS itching at follow-up" on the class "increase in pain” and "onset disease activity" on the class "consistently pain
free." All feature effects are shown for the validation partition. CV: cross-validation; DLQI: Dermatology Life Quality Index; NRS: numeric rating
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Target 3: DLQI Development for 6 Months

By choosing “DLQI development for 6 months” as atarget, we
wanted to gain valuable insight into the impact of both the
chronic skin conditions analyzed and their treatments on
patients QoL. The multiclass feature target was also divided
into subclasses, including “improved QoL ,” “consistently best
QoL,” “consistently good QoL ,” “consistently mediocre QoL ,”
“reductionin QoL,” and “consistently poor QoL” (Multimedia
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Appendix 2). A total of 29.6% (71/240) of the patients in the
datasets had animproved QoL , whereas another combined 30%
(72/240) either experienced a decline in QoL or had a
consistently poor QoL. The remaining 40.4% (97/240) of the
patients had an overall favorable QoL throughout the study.
During the AutoML analysis, we selected the random forest
classifier (Gini) as the optimal model out of the 27 different
modelstrained on thetarget. The model demonstrated accuracy,
asevidenced by the upward trend in thelift charts (Figure 5A-F),
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with actual and predicted lines aligned relatively close to each
other. However, the model performed best in predicting
deterioration or improvement in QoL (Figure 5A and E).

Notably, therapy change and disease activity at onset al so appear
to be the most influential features in calculating DLQI
development for 6 months with the chosen model (Part C in
Multimedia Appendix 8). In addition, the itching intensity at
onset qualifies as the third most impactful feature. Detailed
graphical representations of feature effects for all DLQI

Bibi et al

devel opment subclasses are provided, with the 3 highest-scoring
feature effects selected for each subclass (M ultimedia A ppendix
11). In terms of change in therapy, both no change in therapy
and a change in therapy at 6 months showed the strongest
positive effect onimprovement in QoL (partial dependence=0.38
for both subclasses). Furthermore, when considering partial
dependence, improved QoL was associated with higher disease
activity at baseline, athough the predicted values were
somewhat scattered (Figure 5G).

Figure 5. Evauation of the selected model for the target "DLQI development for 6 months." Lift charts for all 6 target classes for CV partition: (A)
improved quality of life, (B) consistently best quality of life, (C) consistently good quality of life, (D) consistently mediocre quality of life, (E) reduction
inquality of life, and (F) consistently poor quality of life. (G) The selection of feature effects of the features"had therapy change" on the class"improved
quality of life" and "onset disease activity" on the class "consistently best quality of life." All feature effects are shown for the validation partition. CV:

cross-validation; DLQI: Dermatology Life Quality Index.
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Target 4: App Use

The ENET blender model outperformed all other modelstrained
on the binary target “app use” in total, 48.1% (142/295) of
patients in the secondary training data set used the app at least
once. The model lift chart demonstrates accuracy, as seen by
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the upward trajectory and closeness of the actual and predicted
valuesfor the CV partition (Figure 6A). Thisisfurther supported
by the model’s ROC and lift and gain curves, which show
reliable performance in the holdout partition (Multimedia
Appendix 12). App use was classified as a binary yes or no
feature (Multimedia Appendix 2), with 295 patients in the
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training partition having used the app (Multimedia Appendix datafeatureswere excluded asthey were automatically classified
8). During the AutoML exploratory dataanalysis, all other app  as data leakage.

Figure 6. Evaluation of the selected model for the target "app use." (A) Model lift chart for CV partition. The selection of feature effects of the features
(B) "BMI," (C) "Age," (D) "onset disease activity," (E) "DLQI score at 3 months follow-up," and (F) "HADS-A at 3 months follow-up." All feature
effectsare shown for the validation partition. CV: cross-validation; DLQI: Dermatology Life Quality Index; HADS-A: Hospital Anxiety and Depression
Scale-Anxiety.
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Overdll, the most influential features were “BMI,” “age,” and
“onset disease activity” (Figure 6B-D; Part D in Multimedia
Appendix 8). Accordingly, the feature impact values for these
3 features were 1.00, 0.996, and 0.852, respectively. When
considering partial dependence, app use appeared to decrease
and plateau between BMIs of 30 and 35 and tended to increase
for BMIs>35 (Figure 6B). For the feature “age,” patients >47
yearstended to use the app less than their younger counterparts
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(Figure 6C). Notably, patients aged between 23 and 31 years
also seemed to use the app less than middle-aged patients.
Notably, thelikelihood of using the app increased when disease
activity was >2 out of 10, reaching a higher plateau from 4 out
of 10 (Figure 6D). Finally, the DLQI score at 3 months had a
constant influence on app use (Figure 6E), whereasaHADS-A
score >8 seemed to have adlightly better influence on app use,
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as seen with partial dependence and evidenced by its predicted
values (Figure 6F).

Discussion

Principal Findings

Inthewake of the global digitalization wave, health care systems
are undergoing significant changes, with mHealth showing
promising improvementsin health outcomes and services[48].
However, thereisstill aneed for additional clinical effectiveness
studies across a wider range of health care services [49,50].
This study focused on psoriasis and hand and foot eczema, 2
common chronic inflammatory skin conditions, and explored
the effect of a smartphone monitoring app on disease activity
and symptoms. To be specific, we used AutoML to anayze
clinical data sets from patients with dermatologic conditions
who used a medical smartphone app during interventional
studies at our university hospital from 2018 to 2021. On the
basis of the findings of our ML models, various associations of
the data sets were discovered in relation to the selected targets
of itching, pain, QoL after 6 months of study, and app use. There
is evidence that these parameters affect disease manifestation
progression and could provide a framework for building
predictive models. Even if physicians and researchers do not
have extensive expertise in data science, it is crucial to provide
user-friendly and intuitive applications of these methods, such
as AutoML [51]. We suggest several factors that should be
considered in the management of patients with psoriasis and
atopic hand and foot eczema.

Itching, aso known as pruritus, affects up to 25% of the
population at some point in their lives [52]. In the context of
chronic skin conditions, itching becomes a chronic and
potentially severe problem, often leading to a vicious cycle of
skin damage, psychological distress, and asignificant reduction
in QoL [53]. Chronic itching is one of the main symptoms of
atopic dermatitis, occurring at least once aday in up to 91% of
patients with atopic dermatitis [54]. Similarly, up to 84% of
patients with psoriasis experience itching [55], although in this
condition, it isoften underrecognized [56]. Therefore, we chose
“itching development for 6 months” as an AutoML target and
selected the light gradient boosted trees classifier model first
to better understand itch progression between follow-ups and
also to uncover relationships or interactions of other data set
featureswith thetarget. Lift chartsand featureimpact techniques
were used in this evaluation. The lift charts showed that the
model was best at predicting the classes“ consistently itch free”
and “increase in itching,” although the “constant low level of
itching” class had the largest data distribution. This is not
surprising, particularly becausein multiclassML classification,
the class with the highest proportion of distributions does not
necessarily have the highest performance metric scores or the
best lift chart. The performance of a class is determined by
several factors, including the quality of the data, the uniqueness
of its features compared with other classes, and the specific
model used. The model also showed considerable accuracy in
predicting patients who would experience areduction initching
and a constant low level of itching. However, it was only
moderately successful in identifying patients who would either

https://www.jmir.org/2023/1/e50886
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transition to an itch-free state or continue to experience severe
itching for the 6-month period. The moderate accuracy of the
latter 2 classes could be partly explained by the fact that the
highest proportion of the distribution in the training partition
belonged to patients with consistently low levels of itching,
whereas patients with either no itching or extreme itching were
fewer in number and represented outliers. However, this
disparity in classification is reasonable given that although
ongoing treatment of patients with psoriasis and hand and foot
eczemaiseffectivein keeping this symptom under control [57],
thereare small fractions of patientswho either achieve complete
remission or are resistant to therapy [58]. Although the small
size of these outliers is a testament to the progress of modern
therapies, ML modelsdo require alarge amount of datato make
accurate predictions [59]. Nevertheless, classification models
are indeed important for medical use cases [60], with gradient
boosted tree classifier models that have already been used
effectively in various clinical trials [61-63], further validating
our model selection.

Feature impact identified “had therapy change” as the most
influential feature, followed by the* DL QI score at the 6-month
follow-up,” “onset disease activity,” and “age” in fourth place.
It is noteworthy that several features, including various pain
categorizations, also played an important role in building the
selected model. Itch is collaterally controlled by treatment
regimens for underlying skin conditions, with several studies
even demonstrating a statistically significant reduction in itch
with various systemic therapeutic agents in atopic dermatitis
[64]. However, there is no evidence in the literature that a
changein therapy is associated with the severity of pruritus. To
our knowledge, thisisthe first time aretrospective clinical data
analysis study has shown that a modification of therapy affects
the development of itching. Notably, although the differences
between the partia dependence plots were minor, changes in
therapy at baseline and at follow-up were morelikely to achieve
aconstant low level of itching than no change in therapy. This
observation could be explained by the fact that changes in
therapy are not necessarily because of higher disease activity
but also depend on variousfactors such astolerability; intensity
of side effects; or demographic, psychosocial, and health system
variables[65]. Consequently, atimely change in therapy could
be beneficial for the patient’s pruritic symptoms. With regard
to the other influential features of this selected model, such as
DLQI, disease activity, age, or pain, their influence is indeed
supported by both literature evidence and clinical experience.
We were able to show that an improvement in QoL (DLQI
development) positively predicted a reduction in itch. In this
regard, not only has a correlation between itch severity and
DL QI been demonstrated [66], but a statistical mediation model
has also been used to calculate DL QI in atopic dermatitisusing
characteristics such asitch, disease severity, and treatment with
a specific crisaborole ointment [67]. In a cross-sectional study
aimed at characterizing dermatosis-associated pruritus in
Chinese patients, both the prevalence and severity of pruritus
were associated and increased with age[68]. In addition, itching
in psoriasis has been shown to cause insomnia, poor work
performance, anxiety, depression, and pain in patients, thus
severely affecting their QoL [69-71].
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In terms of pain, its co-occurrence with pruritus in psoriasis
vulgaris and atopic dermatitis is well known and documented,
although their pathogenesis in these skin conditionsis still not
fully understood [ 72]. Notably, the correl ation between pruritus
and pain in patients with psoriasis vulgaris or atopic dermatitis
has not been explicitly addressed in the current literature.
Therefore, the choice of the outcome “pain development for 6
months” was important to uncover what other features of the
dataset might a so have animpact on this symptom. We selected
a random forest classifier model, which is a well-recognized
ML tool for both classification and regression problems, to
predict pain outcomes [73]. The target feature was classified
into 5 subclasses, the largest being “increase in pain” and
“constant low level of pain,” whereas “constant severe pain”
was the smallest. Unexpectedly, the model demonstrated
exceptional accuracy for “ consistently pain free” and “ constant
severe pain” subclasses, the latter being the smallest in sizein
the training partition. In this case, the accuracy of the model
may depend on the selected model type and the specific nature
of the data set and task. Random forests are meta-estimators
that fit a number of decision trees to different subsamples of
the data set and average the results to improve the prediction
accuracy [74]. Therefore, they can be used on small data sets,
provided overfitting isavoided, asisthe case with DataRobot’s
AutoML platform, which uses various overfitting protection
techniques[75].

Considering the importance of the modeling features, “had
therapy change” was the most influential feature, closely
followed by “ onset disease activity.” Thereare no current studies
linking changes in the treatment of underlying conditions and
changes in pain severity. In contrast, it has been proposed that
the treatment of skin conditions may not be sufficient to reduce
pain because of the prolonged healing process and that
practitioners should therefore strive to prescribe supplementary
analgesics or promote psychological coping strategies [72].
However, severa studies have found an association between
Psoriasis Area and Severity Index score changes and selected
DLQI domain scores in patients with moderate to severe
psoriasis[76] or, more broadly, alink between pain symptoms
and disease activity [77] or QoL [78]. This suggests that these
score modifications can be used to assess therapeutic efficacy,
which would include a reduction in pain symptoms. Our ML
model demonstrated exactly this assumption, indicating, for
example, that ahigher level of disease activity at baseline could
lead to adecrease in pain status at 6 months, thereby providing
useful insight into therapeutic strategy management. Therefore,
the selection of relevant features is in line with the
well-established premise of personalized medicine that, owing
to the complexity of the underlying mechanisms of pain,
tailoring treatment plans based on individua patient
characteristicsis critical for successful therapy [79].

As awidely accepted tool for quantifying the impact of skin
disease on patients' lives[80], we next aimed to examine DL QI
development for 6 months in patients from our secondary data
set. Considering the different subclasses of DLQI devel opment
inthetraining partition, approximately 29.6% of the participants
experienced an improvement in their QoL. A similar proportion
experienced a decline or consistently poor QoL, and the
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remaining 40.8% reported stable and favorable QoL . Thislarge
final proportion indicates the improvement and effectiveness
of the treatment of patients with chronic skin diseases in our
clinic but also reflects the situation in contemporary medicine,
considering that, at least in psoriasis, DLQI scores have shown
an improvement since theintroduction of biologics[81,82]. The
reapplication of the random forest classifier model to the
analysis of QoL development has proven vauable,
demonstrating good predictive performance, particularly in
determining deterioration or improvement in QoL. In this case,
it was not surprising to find similar features that played an
influential role in the previous 2 AutoML targets, itching and
pain devel opment, because we had already observed that several
constructed features, including DLQI scores, had an important
impact on these 2 symptoms, and the literature shows many
associations between them and QoL as described earlier. “Had
therapy change,” “onset disease activity,” and NRS itching or
pain at different follow-ups were among the top 5 most
influential features on the performance of our selected model.
Therapy changes or adjustments are known to affect QoL.
Effective therapy usually leads to an improvement in QoL , as
has been shown in various medical fields such as psychiatry
[83], psychotherapy [84], or even orthodontics[85]. In addition,
the relationship between clinical response to therapy and
changes in health-related QoL has also been demonstrated in
patientswith psoriasis[86]. Specifically, improving skin lesions
following treatment significantly affected the QoL of these
patients. With regard to the “ onset of disease activity” and why
higher disease activity at baseline leads to an improvement in
QoL, this has only been shown for systemic lupus
erythematosus, in which the management of disease activity
was found to have a significant impact on QoL [87]. Therefore,
it can be assumed that patients with psoriasis or chronic hand
and foot eczema with higher disease activity at baseline, who
must have experienced an improvement in treatment, also had
abetter DLQI score at follow-up.

Notably, however, HADS-D and HADS-A scores at baseline
and follow-up and BMI werethe next 5 most impactful features.
Although weight loss significantly improves comorbidities and
QoL [88], correlations between the HADS scoreand DL QI were
only shown for the dermatologic conditions rosacea [89] and
androgenetic alopecia[90]. Asfar asour 2 dermatol ogic disease
groups are concerned, only for atopic eczema has a study been
carried out in which several scores, including the DLQI and
HADS, were used to assess patients QoL and levels of
depression and anxiety. The study did not explicitly mention a
correlation between the DLQI and HADS scores but concluded
that atopic eczema was associated with depression and anxiety
[91]. Findly, regarding the HADS score and psoriasis, it is
worth noting that our working group has recently shown that
in a clinical trial of patients with psoriasis included in this
secondary data set, asignificant improvement in both HADS-A
and HADS-D scores was observed in those patients who used
the monitoring app [15,16].

Knowing that our disease monitoring smartphone app had a
positive effect on the mental health of patients with psoriasis,
we were interested in determining how the disease scores or
patient features of our data set influenced their use of the app.
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For this purpose, we selected an ENET ensemble or blender
model to predict the use of the monitoring medical app among
our patients with chronic hand and foot eczema and psoriasis.
Wefound that thismodel outperformed all the other 216 models
trained on binary data, indicating whether a patient used the
app or not. ENET isaregression method that combines 2 of the
most commonly used regularized linear regression techniques:
lasso and ridge [92]. It is suitable for cases in which there are
several correlated features, as it favors the selection of groups
of correlated variables. For example, ENET regression wasused
to investigate the association of sociodemographic factorswith
COVID-19 case rates [93]. In addition, a stacking ensemble
learning framework incorporating ENET was used to predict
genomic estimated breeding values [94].

The most important determinants of app use, as predicted by
the model, were “BMI,” “age,” and “onset disease activity,” in
descending order of influence. Patients with a BMI <30 and
>35, aged between 31 and 47 years, and with a disease activity
score >2 out of 10 were more likely to use the app. Although
some studies have examined the use of apps specifically
designed for obesity management, there are not many
publications describing smartphone use and its association with
BMI. Notably, an association between smartphone use for
entertainment and obesity has only been shown in school-aged
children and adolescents [95]. This partly reflects our
observation that app use was more likely in patients with BMI
>35. Intermsof age, it isgenerally known that older age groups
arelesslikely to use mobile phone apps. A study investigating
the factors influencing the low use of mHealth apps by people
aged =50 years concluded that almost half of the study cohort
lacked adequate knowledge of mobile technology [96]. For
younger patients, another trial found that adults with a mean
age of around 24 years expressed willingness to use apps for
behavior change but placed a high value on the accuracy,
legitimacy, and safety of the app [97]. Therefore, health care
professionals may want to consider factors in these age groups
when using medical apps. Severa studies have shown
associations and correlations between disease activity and the
use of medical apps. However, the nature and extent of these
associations appear to vary depending on the type of disease
and the specific features and capabilities of the app. A
population-based survey published in 2019 showed that among
patients with cardiovascular disease and diabetes mellitus,
almost 25% used smartphone apps for health-related purposes
[98]. However, their primary goal s were not to monitor diseases
but mostly to improve them through physical activity or weight
loss. Another study found an association between the use of
smartphone self-management apps and medication adherence
in patients with asthma and chronic obstructive pulmonary
disease [99]. Given the suboptimal levels of adherence to
controller medications for these conditions, apps have the
potential to improve patient outcomes and potentially reduce
health care costs.

It is aso noteworthy that the DLQI score at 3 months had a
constant influence on app use. In other words, worsening or
improving QoL did not seem to change app use. This is aso
reflected in the observation that in our target “DLQI
development for 6 months,” app use did not appear among the
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most influential target features. In addition, there are studies
that could not show a significant change in DLQI in patients
usingamedical app[100]. In contrast, telemedicine asaremote
clinical serviceisknownto improvethe DLQI score[101,102].
Our work group has shown that in patients with hand and foot
eczema, an app use frequency of less than once every 5 weeks
had a significant improvement in the DLQI score [47].
Considering thereportsin the current literature of low mHealth
app influences on DLQI changes and the fact that we used a
combined data set of patients with psoriasis and eczema, it is
understandable that DL QI is a key determinant of app use, but
its variations do not affect our chosen ML target. Finally, our
research group has previously shown that the use of the
monitoring app led to asignificant reductionin HADS-D scores
in patients with psoriasis. This was the case for patients who
used the app less than once a month [15]. A reduction in both
HADS-A and HADS-D scoreswas al so observed when the app
was used lessthan once every 5 weeks [16]. Although thisprior
influence was not observed in our hand and foot eczema study
[47], it was interesting to observe that a borderline HADS-A
score starting at 8 did indeed seem to have at least a dlight
influence on app use. It could, therefore, be argued that patients
with anxiety symptoms may be more likely to use health
monitoring apps. This is important, as it has been shown in
patients with psoriasis that a cloud-based interactive
management program led to a reduction in anxiety [102],
whereas a self-hel p app specifically designed to treat depression
and anxiety symptoms led to a significant reduction in these
symptoms [103]. In conclusion, app use was significantly
influenced by a combination of BMI, age, and disease activity,
among other variables. This suggests that personalized
interventions that take these factors into account may increase
app use and potentially improve patient outcomes. Future studies
could investigate the causal mechanisms driving these
associations and test interventions to promote app use.

Conclusions

Our findings pave the way for further research into the clinical
application of various ML techniques to assist patients with
dermatologic conditions with diagnosis, therapy, and
communication outside of appointments using medical
smartphone apps. However, the results of ML analysis should
be interpreted with caution and in the context of existing
research, as the representativeness of such an ML model can
be challenging [104]. It isworth noting that most of the feature
effects in this study were small. Although the selected ML
models had relatively high metric scores, the minor differences
in feature effects might be because of the size of the secondary
dataset. The generalizability of the selected ML models should
be considered carefully, asthe patient pool was small compared
with other ML studies. More patients may have increased the
number of observed differences. In addition, the inclusion of
laboratory diagnostics, which were not incorporated in the
secondary data set because of high heterogeneity, might have
provided further insights. Therefore, future research should
addressthisissue by devel oping more sophisticated ML models
using more diverse data sets. Despite these limitations, this
study provides aframework upon which predictive models can
be built. We demonstrated the effectiveness of applying ML to
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existing data sets to discover new relationships that could not
be uncovered using traditional regression analysis. In addition,
we support several elements that should be considered in our
patients treatment regimens. Chronic inflammatory skin
diseases cause numerous individual, societal, and economic
problems; however, their clinical management is not fully

Bibi et al

optimized to meet patient expectations in a therapeutic
environment. Future prospective research will provide the
necessary context to determine how effective the combination
of ML prediction and medical smartphone useisin real-world
practice and whether their implementation has the potential to
be registered as amedical product.
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Multimedia Appendix 1

Graphical layout of the calculation of selected new features. Calculation details are documented in Multimedia Appendix 2.
[PNG File, 377 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Creation of new features for the secondary data sets. To enrich our existing data set, several new features were created from the
existing data sets, including categorical features over study trial time. Thiswas done by combining onset and follow-up (at 0 and
6 months) data points, as seen in the cal culation method column for variables containing "development." A feature with multiple
data categoriesisdefined asamulticlassfeature. Smartphone app |og datawere al so exported and added to the data set to facilitate
app use data and question results.

[PDE File (Adobe PDF File), 94 KB-Multimedia Appendix 2]

Multimedia Appendix 3

Machine learning processing details and summary statistics. For each target, the features used for modeling and summary statistics
are given in "Features used for modeling and summary statistics." Metrics such as mean, median and SD are given, as well as
the type of parameter (numeric and categorical). The number of unique values, minimum and maximum values are also provided.
Finally, atarget leakage assessment is performed, classifying characteristics as low, medium or high risk for target leakage. The
"Data Quality Handling Report” coversthe handling of categorical features, missing val ueimputation and optimization parameters.
For target 4, imputation techniques are not provided as the Blender model cannot summarize this information in a single table
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for al models. For each cross-validation fold, the primary modeling performance metric is documented in the "Cross-Validation
Scores.".
[DOCX File, 112 KB-Multimedia Appendix 3]

Multimedia Appendix 4

List of features manually and automatically extracted from the primary data sets by the investigators and the AutoML platform
to be used in the machinelearning process. For the features"itching development for 6 months,” " pain devel opment for 6 months,”
and "DLQI development for 6 months,” we excluded the 3-month follow-up data as the data points were sparse. However, for
the target "app use,” we did not exclude these data points as app monitoring was more frequent than clinical visits and therefore
less prone to biased during AutoML analysis. For the app use target, a Blender model was created from the top 3 modelsin the
platform ranking. The AutoML platform automatically performs ML model development on theinitially selected featurelist, the
"Regular Feature List," but also revises the process with a second reduced feature list. Unless otherwise stated, "at follow-up"
means 6 months after study entry. AutoML: automated machine learning; ML: machine learning.

[DOCX File, 37 KB-Multimedia Appendix 4]

Multimedia Appendix 5

Graphical representation of data partitioning performed by the automated machine learning (AutoML) platform.
[PNG File, 116 KB-Multimedia Appendix 5]

Multimedia Appendix 6

Selected model performance assessments shown for validation, CV, and holdout partitions. LogL oss score and AUC were
considered asthe main model metrics. The platform wasinstructed to model for the highest L ogL oss score, indicating the model's
relationship between actual and predicted values. Lower LoglL oss scoresindicate closer actual and predicted values. AUC indicates
the ability to discriminate between feature classes (ie, yesor no). FVE multinomial (binomial for binary yes-or-no features applies
only for the app use target) measures the deviation between the specific model and a "perfect model," which explains 100% of
the variability in the data. AUC: area under the curve; CV: cross-validation; FVE: fraction of variance explained.

[DOCX File, 69 KB-Multimedia Appendix 6]

Multimedia Appendix 7

Learning curves for performance measures. Learning curves illustrate how the performance of individual models varies as the
sample size changes. The average metric values (LogLoss, AUC, and accuracy for targets 1-3; and LogL oss, AUC, and Mathews
correlation coefficient for target 4) are shown with a 95% CI. During the training process of these machine learning models, the
data sample size is subsequently increased for models that perform well. The performance metric is then evaluated in relation to
the training sample size and is reported here as the average metric, with the 95% CI indicating the range during the training
process. The sample sizes were: 16, 32, 64 and 80%. Models with the same machine learning blueprints are grouped into one
average model in this representation. AUC: area under the curve.

[PDE File (Adobe PDF File), 2559 KB-Multimedia Appendix 7]

Multimedia Appendix 8

Featureimpact showing thetop 10 featureswith the greatest impact on model performance, listed in descending order of normalized
impact for all target classes aggregated. The graph is shown for the target (A) "itching development for 6 months,” (B) "pain
development for 6 months,” (C) "DL QI development for 6 months," and (D) "app use." Also, data distribution for the target "app
use" is depicted (E). DLQI: Dermatology Life Quality Index.

[PNG File, 373 KB-Multimedia Appendix 8]

Multimedia Appendix 9

Feature effects of the 3 most impactful features for each target class of "itching development for 6 months': (A) reduction of
itching, (B) consistently itch free, (C) became free of itching, (D) constant low level of itching, (E) increase in itching, and (F)
constant severe itching. For each class, we present the first 3 feature effects according to the class's own feature impact ranking.
Each feature effect shows a partial dependence plot, which shows the effect of afeature when its values are changed and all other
featuresin the model remain unchanged. Thisallowsfor abetter interpretation of the results and may show nonlinear associations
between the target feature and a second specific feature. Predicted features are also presented in the graphs.

[PNG File, 608 KB-Multimedia Appendix 9]
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Multimedia Appendix 10

Feature effects of the 3 most impactful features for each target class of "pain development for 6 months": (A) reduction of pain,
(B) consistently pain free, (C) constant low level of pain, (D) increase in pain, and (E) constant severe pain. For each class, we
present thefirst 3 feature effects according to the class's own feature impact ranking. Each feature effect showsapartial dependence
plot, which shows the effect of afeature when its values are changed and all other features in the model remain unchanged. This
allows for a better interpretation of the results and may show nonlinear associations between the target feature and a second
specific feature. Predicted features are also presented in the graphs.

[PNG File, 484 KB-Multimedia Appendix 10]

Multimedia Appendix 11

Feature effects of the 3 most impactful features for each target class of "DL QI development for 6 months®: (A) improved quality
of life, (B) consistently best quality of life, (C) consistently good quality of life, (D) consistently mediocre quality of life, (E)
reduction in quality of life, and (F) consistently poor quality of life. For each class, we present the first 3 feature effects according
to the class's own feature impact ranking. Each feature effect shows a partial dependence plot, which shows the effect of afeature
when its values are changed and all other features in the model remain unchanged. This allows for a better interpretation of the
results and may show nonlinear associations between the target feature and a second specific feature. Predicted features are also
presented in the graphs.

[PNG File, 557 KB-Multimedia Appendix 11]

Multimedia Appendix 12

Performance charts for the target "app use." (A) The ROC curve shows the false positive rates (x-axis) against the true positive
rates (y-axis). A perfect model would fit the curve in the upper right corner of the graph. (B) The lift curve shows the lift of the
model compared to thethreshold calculated by the model. (C) The gain chart depicts sensitivity and specificity valuesfor different
percentages of the model predictions. All plots are shown for the holdout partition. ROC: receiver operating characteristic.
[PNG File, 294 KB-Multimedia Appendix 12]
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