Autoimmunity Reviews 22 (2023) 103353

Contents lists available at ScienceDirect AUTOIMMUNITY
REVIEWS

Autoimmunity Reviews

- )

ELSEVIER

journal homepage: www.elsevier.com/locate/autrev

Check for

A machine learning analysis to evaluate the outcome measures in e
inflammatory myopathies

Maria Giovanna Danieli ™", Alberto Paladini ¢, Eleonora Longhi 4. Alessandro Tonacci ©’,
Sebastiano Gangemi '

@SOS Immunologia delle Malattie Rare e dei Trapianti, AOU delle Marche & Dipartimento di Scienze Cliniche e Molecolari, Universita Politecnica delle Marche, via
Tronto 10/A, 60126 Torrette di Ancona, Italy

Y postgraduate School of Allergy and Clinical Immunology, Universita Politecnica delle Marche, via Tronto 10/A, 60126 Ancona, Italy

¢ Postgraduate School of Internal Medicine, Universita Politecnica delle Marche, via Tronto 10/A, 60126 Ancona, Italy

4 Scuola di Medicina e Chirurgia, Alma Mater Studiorum, Universita degli Studi di Bologna, 40126 Bologna, Italy

¢ Institute of Clinical Physiology, National Research Council of Italy (IFC-CNR), Via G. Moruzzi 1, 56124 Pisa, Italy

f Operative Unit of Allergy and Clinical Immunology, Department of Clinical and Experimental Medicine, University of Messina, Via Consolare Valeria 1, 98125 Messina,
Italy

ARTICLE INFO ABSTRACT

Keywords: Objective: To assess the long-term outcome in patients with Idiopathic Inflammatory Myopathies (IIM), focusing
Anti-synthetas.eAsyndl'ome on damage and activity disease indexes using artificial intelligence (AI).
Dermatomyositis Background: 1IM are a group of rare diseases characterized by involvement of different organs in addition to the

Immune-mediated necrotizing myositis
Machine learning

Multi-omics

Outcome

Polymyositis

musculoskeletal. Machine Learning analyses large amounts of information, using different algorithms, decision-
making processes and self-learning neural networks.

Methods: We evaluate the long-term outcome of 103 patients with IIM, diagnosed on 2017 EULAR/ACR criteria.
We considered different parameters, including clinical manifestations and organ involvement, number and type

of treatments, serum creatine kinase levels, muscle strength (MMT8 score), disease activity (MITAX score),
disability (HAQ-DI score), disease damage (MDI score), and physician and patient global assessment (PGA). The
data collected were analysed, applying, with R, supervised ML algorithms such as lasso, ridge, elastic net,
classification, and regression trees (CART), random forest and support vector machines (SVM) to find the factors
that best predict disease outcome.

Results and conclusion: Using artificial intelligence algorithms we identified the parameters that best correlate
with the disease outcome in IIM. The best result was on MMT8 at follow-up, predicted by a CART regression tree
algorithm. MITAX was predicted based on clinical features such as the presence of RP-ILD and skin involvement.
A good predictive capacity was also demonstrated on damage scores: MDI and HAQ-DI.

In the future Machine Learning will allow us to identify the strengths or weaknesses of the composite disease
activity and damage scores, to validate new criteria or to implement classification criteria.

1. Introduction muscle with involvement of other organ systems [1]. Dermatomyositis
(DM), polymyositis (PM), immune-mediated necrotizing myositis
Idiopathic inflammatory myopathies (IIM) are a group of lifelong (IMNM), a- hypomyopathic dermatomyositis, juvenile dermatomyositis

immune-mediated disorders characterized by inflammation of skeletal (JDM), and inclusion body myositis (IBM) are the subtypes identified by

Abbreviations: ASS, Anti-synthetase syndrome; DL, Deep Learning; DM, Dermatomyositis; HAQ-DI, Health Assessment Questionnaire- Disability Index; IMNM,
immune-mediated necrotizing myositis; MDI, Myositis Damage Index; MITAX, Myositis Intention To Treat Activity Index; ML, Machine learning; MMT8, Manual
Muscle Testing-8; PM, Polymyositis.
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the 2017 EULAR/ACR classification criteria [2,3]. Added to these major
subtypes there is anti-synthetase syndrome (ASS) [4].

Diagnosis is guided by the clinical manifestations and serum creatine
kinase elevation on laboratory tests, characteristic EMG findings, pres-
ence of myositis-specific or associated antibodies [5]. In addition,
muscle MRI and biopsy may be helpful.

The severity of the disease is closely related to the clinical phenotype:
the prognosis is often influenced by the presence of underlying
neoplasm, mainly associated with anti-TIF1-gamma and anti-NXP-2
antibodies. Interstitial lung disease (ILD) most often accompanies ASS
and anti-MDAS5-positive ADM and negatively influences the prognosis in
rapidly progressive forms (RP-ILD) [1,6].

Treatment is based on immunosuppressants, primarily steroids and
other steroid-sparing agents such as methotrexate, azathioprine, myco-
phenolate mofetil, and rituximab [1,5]. A good response with reduced
immunosuppressive effects has been demonstrated with the use of high-
dose intravenous immunoglobulin (IVIg) and subcutaneous Ig (SCIg) in
selected cases [7-9].

In previous works Artificial Intelligence (AI) has already applied in
the field of medicine [10,11] and in myositis [12-15]. In this study we
are going to analyze by artificial intelligence the parameters that in-
fluence the course and especially the outcome of our patients with
myositis.

2. Patients and methods
2.1. Patient population

Our series comprised 103 adult consecutive in- and out- patients with
new-onset myositis, diagnosed, treated and prospectively followed in
the Clinica Medica of the Marche Polytechnic University and AOU delle
Marche, a tertiary referral Centre in Italy. All patients, including those
previously diagnosed with the Bohan & Peter's classification criteria
[16] for definite myositis, met the 2017 EULAR/ACR classification
criteria for myositis [2]. The presence of an anti-synthetase antibody and
concomitant myositis, interstitial lung disease (ILD), mechanics' hands,
Raynaud's phenomenon, arthritis, and fever lead to the diagnosis of anti-
synthetase syndrome (ASS) [4]. Inmune mediated necrotizing myop-
athy (IMNM) was diagnosed by the clinical pictures of myositis associ-
ated with a positive test of antibodies against signal recognition particle
(anti-SRP) or against 3-hydroxy-3-methylglutaryl-coenzyme A reduc-
tase (anti-HMGCR) [17]. Patients with inclusion body and juvenile
myositis were not included in this study.

2.2. Clinical evaluation

Demographic, clinical, serologic, and radiologic data, and treatment
modalities were collected during follow-up visits using a standardized
protocol. We included patients with diagnoses made before October
31st, 2020, to obtain a follow-up lasting >2 years. We included patients
who died before a two-year follow-up due to myositis-related
complications.

Each patient was evaluated at the first visit and thereafter every 6
months or when clinically indicated. The visit included a general
physical examination and muscle strength assessment by manual 8-mus-
cle test (MMT-8, 0 to 80) [18].

As laboratory tests, we evaluated creatine kinase (CK, with normal
values <170 U/1).

Nerve conduction and concentric needle EMG studies were made in
line with standard techniques. At the onset of the disease, expert pa-
thologists evaluated muscle biopsy specimens with light and electron
microscopies.

Myositis-specific and myositis-associated serum autoantibodies were
searched by immunoblotting (Alphadia, Belgium). Since this testing is
accessible in our hospital just from 2015, 80% patients performed these
tests. Other immunological parameters consisted of antinuclear
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antibodies (ANA); anti-double stranded (ds)- DNA antibodies; anti-
extractable nuclear antigen (ENA) antibodies with immunoblotting
analysis to identify different patterns.

All patients were screened for underlying malignancy.

Organ systems involvement was managed together with referring
specialists.

Skin involvement and its severity were assessed in all patients, using
the Cutaneous Dermatomyositis Disease Area and Severity Index
(CDASI) in 48% of DM patients (diagnosed and/or followed-up from
2010) [18].

The gastrointestinal tract was evaluated by dysphagia tests to assess
esophageal motility, using the Dysphagia Outcome and Severity Scale, a
7-point scale from 1 (severe dysphagia) to 7 (normal in all situations), as
a benchmark [19].

Pulmonary function and the possible presence of ILD were assessed
by tests of respiratory function and lung diffusion capacity to carbon
monoxide and high-resolution computed tomography.

Cardiac involvement was assessed by cardiological examination and
echocardiography, with global longitudinal strain (GLS) [20].

Major events and causes of death were established by a death
certificate.

The disease course was defined as monocyclic, polycyclic, or chronic
continuous according to the definitions of Marie et al. [21].

2.3. Myositis indexes

2.3.1. Assessment of disease activity

Disease activity is defined as potentially reversible and related only
to the myositis disease process. To evaluate this topic, we employed the
Myositis Intention to Treat Activities Index (MITAX) [21]. Briefly,
MITAX explores the disease activity in seven organ systems, comprising
constitutional, cutaneous, skeletal, gastrointestinal, pulmonary, cardiac
and muscle. Each clinical manifestation is calculated according to the
degree of inflammatory activity, from 0 (not present) to 4 (new feature).
The summed component scores lead to a global score, which is divided
by the maximum possible score. MITAX score ranged from 0 (no activ-
ity) to 1 (severe activity).

2.3.2. Assessment of damage

The MDI score was used to evaluate persistent changes in 11 scales,
collectively termed organ systems, including muscular, skeletal, cuta-
neous, gastrointestinal, pulmonary, cardiovascular, peripheral vascular,
endocrine, and ocular involvement, plus infections and malignancies
[18]. Each scale comprises 2-8 items scored as present (if persisting for
at least 6 months) or absent. The presence or absence of each item was
summed to provide a total MDI extent of damage score (potential range
0-38 in adults). To obtain MDI values comparable to each other, the
total MDI of each patient was normalized for the number of items
considered for the single patient. MDI score ranged from 0 (no damage)
to 1 (damage).

2.3.3. Assessment of disability

The disability scale of the Health Assessment Questionnaire (HAQ-
DI) evaluates the physical function. This comprises 20 questions inves-
tigating eight activities: dressing and grooming, arising, eating, walking,
hygiene, reach, grip, and other activities [18]. The HAQ-DI is graded
from zero (no difficulty) to 3 (unable to do). To estimate the HAQ-DI, the
highest sub-category score determines the value for each category, un-
less aids or devices are used; responses in at least six of the eight cate-
gories are necessary to calculate the HAQ-DI. The HAQ-DI is then
computed dividing the summed component scores by the number of
components answered. Disability was classified as moderate to severe
with a HAQ-DI score > 1.0 [18].

All clinical evaluations of patients, completed by the above indices,
were performed by expert clinicians (MGD, AP) who were trained in the
use of the instruments and their definitions.
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2.4. Treatment

We collected the data related to treatment and side effects in a
dedicated form. Treatments employed included:

Glucocorticoids: oral prednisone (PDN) at high doses at 1 mg/kg/day
for 4-6 weeks and then slowly reduced to an average of 0.25 mg/kg
every other day or high-dose intravenous methylprednisolone (10-15
mg/kg in three consecutive daily boluses then switching to 1 mg/kg/
day).

Steroid-sparing agents / immunosuppressants: azathioprine (AZA) at
1-1.5 mg/kg/day; cyclosporine A (CSA) at an initial oral dose of 3 mg/
kg/day for six months, later reduced to a maintenance dose of 2 mg/kg/
day; mycophenolate mofetil (MMF) titrated slowly to an oral dose of 2
g/day; methotrexate (MTX) with a subcutaneous dose of 10-15 mg/
week; rituximab (RTX) with two intravenous infusions of 1 g two weeks
apart, that can be repeat after 6-9 months. Intravenous cyclophospha-
mide was used in boluses of 750-1000 mg monthly for six months.
Hydroxychloroquine at 200 mg/day after the initial dosage of 400 mg/
day for one month.

Immunomodulatory therapy: intravenous immunoglobulin (IVIg) at
high dose of 2 g/kg divided into five consecutive days each month for six
months, followed by three additional bimonthly cycles; subcutaneous
immunoglobulin 20% (20%SCIg, Hizentra®, CSL Behring GmbH, Mar-
burg) with treatment dose was 0.1-0.2 g/kg, once a week on the same
day. The drug was administered with a Super-PID Crono PCa-50 pro-
grammable pump (Cane S.R.L. Turin, Italy). Patients treated with SCIg
before 2011 started with 16%SClg (Vivaglobin®, CSL Behring GmbH,
Marburg, Germany) and then changed to SCIg 20%. Treatment with
SCIg occurred in two ways: consequentially after 6 months of therapy
with IVIg 2 g/kg in patients with severe disease; in combination with
PDN in patients with newly diagnosed moderate disease or in case of
relapse.

2.5. Informed consent

We obtained approval from the Ethic Committee of Marche Region
(CERM) (Prot. Number 20122024 Affari Generali AOU Ospedali Riuniti;
CERM Protocol 2021 485, December 16th, 2021). Each patient was
formally informed about modalities and aims of the study and informed
consent was obtained. The study was performed in accordance with the
International Conference on Harmonization Good Clinical Practice
guidelines and the Declaration of Helsinki.

3. Machine Learning: general principles
3.1. Introduction to machine learning

Machine learning (ML) was applied to predict several clinical out-
comes of the patients included in the dataset given the input data
collected by the clinical staff involved in the present study. Such clinical
outcomes include: i) HAQ-DI, ii) MDI, iii) MITAX, iv) MMTS8, v) amount
of immunosuppressors. For such investigations, it is required that the ML
models perform an estimation of a correct value as output, minimizing
as much as possible the error (generally, the Root Mean Squared Error,
RMSE) between the real and the predicted value. Under such premises,
the task demanded is represented by a regression task.

For all the outcomes, a best solution is sought, in terms of the RMSE
minimization, with respect to several models, as explained shortly after.
Overall, the dataset was divided into 80% of data used for training the
models (training set) and 20% for model performances evaluation (test
set). The models were tested with a 10-fold cross-validation to reduce
overfitting, trying to cope with the model generalizability on new data
[22,23].

From the original dataset, for each of the analysis performed, a
variable selection was first carried out, with the application of a General
Linear Model (GLM), with whom all the variables with a p-value below p
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= 0.10, were checked for multicollinearity, and then selected for use in
the respective prediction model.

Overall, the ML analysis was carried out under the open-source R
language, using the software RStudio, version 2022.12.0 Build 353 for
Windows, available with the GNU Affero General Public License. All the
models were run on a laptop equipped with AMD Ryzen 53,500 U with
Radeon Vega Mobile Gfx at 2.10 GHz.

3.2. Machine learning models

For the present study, six different supervised models (given the a
priori knowledge of the output values) suitable for regression purposes
were implemented and employed to predict the outcomes. Such models
included Least Absolute Shrinkage and Selection Operator (LASSO),
RIDGE regression, Elastic Net, Classification and Regression Trees
(CART), Random Forest (RF) and Support Vector Machines (SVM). All
such models are shortly presented below.

3.2.1. Least absolute shrinkage and selection operator (LASSO)

The Least Absolute Shrinkage and Selection Operator, worldwide
known as the LASSO, is a popular ML model, used for regression pur-
poses. It includes both variable selection and regularization, aiming at
improving the prediction accuracy and the resulting model interpret-
ability. Simple to implement and quite fast, it is deemed particularly
useful in presence of several variables hypothesized not being useful for
prediction [24].

3.2.2. RIDGE regression (RIDGE)

Also popular like the LASSO, Ridge Regression is often employed
with multicollinear data. In such cases, least squares estimates are
totally unbiased, with a large variance, deviating them significantly
from their true value. By adding a given bias to the regression estimates,
RIDGE reduces the standard errors, shrinking all the variables' co-
efficients to a non-zero value [25].

3.2.3. Elastic net

The Elastic Net merges together the characteristics of both LASSO
and RIDGE, blending them. Its main regularization parameter can be
fine-tuned between 0 and 1, with the lower boundary making the model
equal to RIDGE and the upper limit to LASSO [26].

3.2.4. Classification and regression trees (CART)

Classification and Regression Trees (CART) are commonly used,
powerful ML models. They deconstruct the whole dataset into smaller
groups, via binary splits of the sample, repeated one variable at a time.
CART features speed of execution, adaptation to nearly all kinds of data
(cross sectional, longitudinal, survival data), without requiring to be
distributed in a Gaussian fashion. At the same time, CART can be used
both for classification and regression problems. On the other hand, they
are quite sensitive to small data changes, also presenting a limited
interpretability [27].

3.2.5. Random Forest

Random Forest (RF) are very popular ML models, that can be applied
to both regression and classification tasks. Like CART, they also rely on
decision trees for training, but in a much higher amount, making up a
“forest” of trees. Similarly to CART, they do not need any particular data
preparation prior to the application of the model. In addition, they
perform implicit on-the-run feature selection and provide more accurate
indicators of feature importance. Moreover, they are unlikely to perform
overfitting, they are relatively quick to train and versatile, however their
interpretability is questionable [28].

3.2.6. Support vector machines (SVM)
Support Vector Machines (SVM) are robust, commonly used methods
for prediction, for both classification and regression purposes. When
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receiving a set of training observations, with a labelled category, SVM
builds a model assigning new observations to a category or to another,
mapping the training observations to points into the space, trying to
maximize the gap between the categories. New observations presented
are then mapped and predicted based on the side of the gap they fall to.
To perform this task, different kinds of classification can be applied,
including linear (the most popular and simplest one), or non-linear ones,
mapping inputs into high-dimensional feature spaces, with the use of
dedicated kernels (radial, polynomial, sigmoid, etc). For the present
study, to manage the trade-off between prediction accuracy, computa-
tional load and execution speed, we evaluated the performances of
linear and radial basis function (RBF) kernels [29].

4. Results
4.1. Main patients' characteristics

Our series included 103 patients with myositis: PM (n = 33), DM (n
= 53), ASS (n = 9), and IMNM (n = 8). Tables 1 and 2 show their
baseline characteristics at the time of diagnosis, the treatment modal-
ities and response to treatment. The mean follow-up was 10 years (range
1-28 ys; median 9.6 ys).

Nineteen patients (11F, median age 57 years) had several types of
cancer. The most frequent were breast (n = 4), lymphoma (n = 3), lung
and colon (n = 2, each).

Thirty-three patients (16F/17M, mean age 64 + 15, median 67
years) died after a mean follow-up f 10 years (median 7 years). Main
causes of death were neoplasia (n = 10), ILD (n = 10), cardiomyopathy
(n = 7). Among these, a 45-year-old man with severe-onset DM died,
while in remission, for acute myocardial ischemia in COVID-19 inter-
stitial pneumonia.

4.2. Prediction of activity at last follow-up visit (MITAX score)

In our series, age- and sex-adjusted mean MITAX values at the
diagnosis of inflammatory myopathies was 0.21 + 0.15 (median 0.2,

Table 1
Baseline characteristics of our series of 103 patients with inflammatory
myopathies.

n %
Age at diagnosis (years), median (min-max) 53 (18-86)
Gender: Females 76 73
Type of myositis
PM 33 34
DM 53 49
ASS 9 8
IMNM 8 7.7
Autoantibodies positivity: (negative in 20 pts)
Antinuclear antibodies 21 20
Anti-SRP 6 4.8
Anti-HMGCR 2 1.9
Anti-Jol 8 7.7
Anti-Mi-2 5 4.8
Anti-TIF1 3 2.9
Anti-MDA-5 2 1.9
Anti-EJ, NXP2 (each) 3 2.9
Anti-myositis-associated autoantibodies (SSA, SSB, RNP, etc) 23 223
Organ involvement
Interstitial lung disease 42 40.7
Clinically overt heart involvement 28 271
Dysphagia 59 57.2
Arthritis 33 320
Course of disease
Monocyclic 28 271
Polycyclic 27  26.2
Chronic continuous 48  46.6
Mean follow-up period (min—max) (From treatment start to the last 10 (1-28)

visit; years)
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Table 2
Treatment modalities and response to treatment in our series of 103 patients
with inflammatory myopathies.

n %
Treatment modalities
Oral prednisone / methylprednisolone 103 100
Hydroxychloroquine 10 9.7
Immunosuppressant (AZA, CsA, CYC, MMF, MTX) 79 76.6
Rituximab 7 6.7
Tocilizumab 4 3.8
1VIg treatment 21 20
Synchronized IVIg-20%SCIg treatment 22 21
Direct 20%SCIg treatment 8 7.7
Skeletal muscle response
Complete response 45 43.6
Partial response 40 38.8
Non responder 18 17.4
Mean follow-up period (min-max) (From treatment start to the last 10 (1-28)

visit; years)

AZA: Azathioprine; CsA: Cyclosporin A; CYC: Cyclophosphamide; MMF: Myco-
phenolate mofetil; MTX: Methotrexate.
IVIg: Intravenous Immunoglobulin; 20%SCIg: Subcutaneous Immunoglobulin

range 0.05-0.5). At the end of follow-up, we still detected high MITAX
scores (0.20 + 0.10, median 0.19, range 0.05-0.5) in the whole popu-
lation, in particular in patients with heart and lung involvement.

With the ML, the first prediction was related to the MITAX score at
the follow-up. As displayed in Table 3, the linear SVM outperformed all
the other models, making best use of 17 support vectors, and featuring a
mean error below 7% (6.9%) with respect to the average output value.

Concerning the predictors, the presence of Rapidly Progressive
Interstitial Lung Disease (RP-ILD) at baseline, together with the presence
of skin involvement, seems to give the best predictive value for MITAX.

4.3. Prediction of damage at last follow-up visit (MDI index)

At the end of the follow-up period, the mean MDI score was 0.16 +
0.14 (median 0.12) with damage present in 83/103 (80%) of the whole
population. The mean MDI values showed a constant increase during the
years, as confirmed by the median values obtained at 3-, 5- and 10 years
(data not shown - 0.07; 0.11 and 0.16; respectively). The most frequent
items recorded in our patients were muscle atrophy, muscle dysfunction
and muscle weakness (data not shown).

The second ML outcome computed is related to the prediction of the
MDI score at the follow-up. For such prediction, the RMSE values, along
with the related hyperparameters, are displayed in Table 4.

The best performance overall was achieved again by the SVM, this
time with the application of the RBF kernel, outperforming the other
models in terms of error (RMSE) minimization. Such performance was
achieved in a relatively short amount of time (the model employed just
18.7 s to be trained and provide results), making it usable in nearly any
use scenario. The SVM model with the RBF kernel made best use of 69
support vectors, and returned an excellent performance, being its mean
error around 5% of the average value of the outcome (more specifically,
the 5.16%).

When it comes to the variable importance, overall, it seems that the
variables with the highest prediction towards the MDI at follow-up
include: the MITAX score, the HAQ-DI at the first visit and the age of
the patient at the diagnosis.

4.4. Prediction of disability at last follow-up visit (HAQ-DI score)

In the whole series, the mean HAQ-DI score values at the last eval-
uation were 1.04 + 0.86 (median 0.8; range 0-3), with eleven (10%)
patients having no disability, and 22 (21%) patients having moderate to
severe disability.

The third ML assessment was related to the prediction of the HAQ-DI
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Table 3
Performances on the test set of the different models in predicting the MITAX score at follow-up.
LASSO RIDGE ELASTIC NET CART RF SVM
LINEAR RBF
RMSE 0.311 0.917 0.231 0.183 0.408 0.114 0.182
Hyperparameter(s) oa=0.1 A=0.1 o =0.05,1=0.1 cp = 0.037 mtry = 2 cost = 0.001 cost=1,y=0.1
Table 4
Performances on the test set of the different models in predicting the MDI score at follow-up.
LASSO RIDGE ELASTIC NET CART RF SVM
LINEAR RBF
RMSE 0.070 0.080 0.069 0.107 0.086 0.067 0.064
Hyperparameter (s) a=0.1 A=0.1 o =0.05A=0.1 cp = 0.078 mtry = 2 cost = 0.1 cost=1,y=0.01

score at the follow-up. For this task, performances of the different
models are displayed in Table 5.

In this analysis, the SVM resulted to be the best performing model,
using a linear kernel, simple and fast to train (the response was provided
in just under 10 s). 7.39% was the percentage of the mean error of the
SVM model with respect to the average value of the outcome variable,
making the prediction enough accurate. Overall, the linear SVM per-
forming at best employed 74 support vectors, and the input variables,
which were more predictive for the outcome, resulted to be the health
status at the last control and the MDI score at the baseline.

4.5. Prediction of muscle strength at last follow-up visit (MMT8 score)

The fourth outcome estimation was concerning the MMTS at follow-
up (range 43-80, mean value: 73). Results obtained by the different
models are displayed in Table 6.

In this analysis, the CART was the best performing model, with an
excellent performance (the mean error being just 0.6% than the mean
value of the outcome variable). The overall CART tree is depicted in
Fig. 1.

The prediction of the MMT8 at follow-up makes its best using the
value of the MMT8 score at baseline, followed by the MITAX score
achieved at baseline, too, representing the two most predictive variables
for the outcome. The algorithm reported a sequential binary choice
starting from the MMT8 at the baseline with a threshold of around 68
(index-linked 0.74). Patients with higher MMT8 (32%) had a mean
MMTS8 values at last follow-up visit around 79. For patients with a lower
MMT8 score (< 68), it was necessary to assess the baseline MITAX: if
MITAX score was >0.32 (index-linked 0.67) the final mean MMTS score
was 65 (in 23% of patients). On the contrary, if the pre MITAX was
<0.32, the ML evaluated again the pre MMT8 score with a lower
threshold of around 58 (index-linked 0.55): if the value was higher the
final mean MMT8 was 74 (32% of patients), if lower the final mean
MMT8 was 67 (in 13% of patients).

4.6. Immunosuppressant use

The fifth and final prediction was related to the number of immu-
nosuppressors displayed, ranging 0-5 (Table 7).

In this final analysis, Random Forest performed at best, with a 10.5%
mean error with respect to the average value of the outcome variable. As

for the most predictive parameters for the outcome, these resulted to be
the CPK value at baseline and the number of immunosuppressors at the
first evaluation (the number of immunosuppressant therapies changed).
As displayed in Fig. 2, the optimal value of the error was already reached
with around 300 trees (the actual analysis was performed with 500), so
that the elapsed time (summing up to 20 s for the current scenario) could
be eventually further decreased without significantly affecting the
results.

Overall, the performances of the best models in predicting the
different outcomes are reported in Table 8, whereas Table 9 present a
summary of the data obtained by Machine Learning analysis.

5. Discussion

In this study, we described our experience about the usefulness of
machine learning to predict the clinical outcome in a large group of
Italian patients with inflammatory myopathies diagnosed and followed
over 10 years in a tertiary care University Hospital centre. Evaluation
parameters employed in this study included the MMT8 to estimate the
skeletal muscle strength; the MITAX score, exploring the activity of the
disease; MDI, a specific index for damage and the HAQ-DI to evaluate
disability. Finally, we investigated the predictive parameters linked to
the use of immunosuppressants.

When we started studying our cohort of myositis patients, we use the
set of criteria of Bohan & Peter [16] for the diagnosis of definite PM and
DM. In this study we reviewed our cases accordingly to the new EULAR /
ACR classification criteria [2]. With ad hoc protocol, we ruled out the
main dystrophic, infectious, toxic, metabolic, or endocrine conditions
triggering myopathies. Main demographic, clinical, laboratory and
instrumental features of our patients were not different from what pre-
viously reported [3,30,31].

The MITAX is a composite score that combines evaluation of seven
different organ systems to assess the disease activity. In our series, the
mean MITAX value at diagnosis was 0.21 + 0.15 (median 0.2), while at
follow-up the mean MITAX was 0.20 + 0.10, slightly lower. We docu-
mented increased MITAX values in patients with DM. At the end of the
follow-up, 41% of the whole series still had a slightly increase in MITAX
values (>0.25) indicating an active disease. Globally, patients with ILD,
heart involvement and arthritis had higher MITAX values.

Machine learning analysis using SVM model demonstrated the abil-
ity to predict MITAX at follow-up with an error of about 7%, in which

Table 5
Performances on the test set of the different models in predicting the HAQ-DI score at follow-up.
LASSO RIDGE ELASTIC NET CART RF SVM
LINEAR RBF
RMSE 0.805 0.692 0.794 0.725 0.749 0.658 1.054
Hyperparameter (s) a = 0.229 A=0.1 o = 0.261, A = 0.042 cp = 0.268 mtry = 2 cost = 0.1 cost = 10, y = 0.05
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Table 6
Performances on the test set of the different models in predicting the MMTS8 score at follow-up.
LASSO RIDGE ELASTIC NET CART RF SVM
LINEAR RBF
RMSE 5.634 6.553 5.649 5.410 5.648 5.859 6.237
Hyperparameter (s) o = 0.447 A=0.1 o = 0.472, A = 0.018 cp = 0.061 mtry = 3 cost = 100 cost =1,y = 0.05
remission, this could have impacted on the final MITAX score.
73 Another factor related to MITAX at final follow-up is skin involve-
100% ment. To the best of our knowledge, in literature similar data are not

MMT8_Pre_norm < 0.74{no |

70
68%

MITAX_Pre_norm >= 0.67

72
45%

MMT8_Pre_norm < 0.55

65 67 74
23% 13% 32%

Fig. 1. CART for predicting the MMT8 score at follow-up.

79
32%

the main predictors are represented by the presence of rapidly pro-
gressive interstitial lung disease (RP-ILD) and the cutaneous involve-
ment. We considered RP-ILD as the worsening in pulmonary function
developed between 6 weeks and 6 months, or the onset of acute respi-
ratory failure (ARDS) with radiological evidence of ILD. RP-ILD is an
interesting aspect in the course of the disease. Our patients with RP-ILD
had aggressive disease at onset, often with exclusive pulmonary
involvement and with diagnostic delay due to admission to the ICU for
ARDS. In addition, lung damage in these patients represents a substrate
favoring consequent infectious episodes. In our series only four patients
presented RP-ILD of which one had ASS specific antibodies anti-Jo1, one
presented anti-MDAS5, one had anti-NXP-2 and the last had negative
serology; two of them died before the minimum follow-up time (2
years). In the literature, very variable survival rates are described in
cases involving patients with RP-ILD, ranging from a 27% survival rate
at 3 years [32], up to 73% survival at 5 years [33], in accordance with

reported on adult myositis: skin involvement often is refractory to
therapies [34] but is not significantly related to disease activity. Con-
cerning cases of Juvenile DM, multiple evidence has been reported be-
tween skin and higher disease activity. Van Dijkhuizen et al. [35]
reported that cutaneous symptoms assessed through physician global
activity score were correlated to higher serum CK values, implying the
association with muscle disease. Furthermore, the relapses of skin signs
may reflect ongoing systemic disease activity [35]. The refractoriness
and lack of complete resolution of the skin involvement in patients with
DM could explain because patients with skin involvement have higher
systemic disease activity at follow-up.

final_rf
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Fig. 2. Error distribution on the training set based on the number of trees
composing the Random Forest algorithm in predicting the number of immu-
nosuppressors at follow-up.

Table 8
Performances of the best models in predicting the different outcomes as the
percentage error with respect to the mean outcome value.

this finding the survival in our cohort is 50%. Machine learning analysis Outcome ~ MITAX MDI HAQ-DI  MMT8 Immunosuppressant
reported a strict correlation between patients with RP-ILD and higher score index score score use
MITAX at follow-up. However, since two patients died due to respiratory % Error  6.9% 5.16%  7.39% 0.6% 10.5%
failure as a complication of myositis in the absence of a complete
Table 7
Performances on the test set of the different models in predicting the number of immunosuppressors present at follow-up.
LASSO RIDGE ELASTIC NET CART RF SVM
LINEAR RBF
RMSE 0.917 0.922 0.918 0.915 0.894 0.992 0.930
Hyperparameter (s) o = 0.423 A=0.1 o =0.472,A=0.1 cp = 0.249 mtry = 2 cost =5 cost = 10, y = 0.05
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Table 9
Summary of the data obtained by Machine Learning analysis.
Predicted follow-up Machine First most Second most Third most
indexes Learning predictive predictive predictive
model variable variable variable
Analysis
ACTIVITY MITAX Linear RP-ILD at Skin
INDEX SVM the onset involvement
MMT8 CART MMT8 MITAX MMT8
baseline baseline baseline
DAMAGE MDI RBF SVM MITAX HAQ-DI Age at the
INDEX baseline baseline diagnosis
HAQ- Linear Health MDI baseline
DI SVM status at
last visit

HAQ-DI: Health Assessment Questionnaire- Disability Index; MDI: Myositis
Damage Index; MITAX: Myositis Intention To Treat Activity Index; MMTS8:
Manual Muscle Testing-8.

The Myositis Damage Index (MDI) is a composite score that evaluates
overall disease damage. In our cohort, MDI was higher in male and in
patients with a diagnostic delay longer than six months and a chronic
continuous disease course, thus confirming previous reports [3,36]. We
found that damage was most frequently present in the muscular and
articular systems and even though not statistically significant we
documented a tendency towards higher MDI values in patients with
heart or esophageal involvement (data not shown).

The machine learning analysis, using the SVM model and an error
margin of about 5%, report as predictive factors of the MDI value at
follow-up the MITAX score and the HAQ-DI at the first visit, and the age
of the patient at the time of diagnosis. The relationship between MDI and
the baseline MITAX score could be explained in several ways. An
elevated MITAX value could indicate severe disease activity at onset, as
well as a diagnostic delay resulting in increased activity due to delayed
treatment. Similarly, HAQ-DI score and therefore the initial disability
level could equally depend on the late diagnosis and treatment on a
more severe disease. Age at diagnosis could be related to MDI at follow-
up because younger patients have a better chance of recovery, especially
regarding muscle damage.

Rider et al. [36] documented that severity at disease onset, duration
of active disease, physician-assessed global disease activity, and adult
disability were among the predictors of injury. In a study on juvenile DM
population the MDI score, number of organ systems affected, calcinosis,
and persistent muscle dysfunction correlated with disease duration,
assumed that longer disease activity correlates with greater damage.
Also in this study, patients over 7.4 years of age were found to have a
greater risk of developing major damage [37].

HAQ-DI is a widely used index which assesses physical function
related to activities of daily living, comprising different domains. Gained
values >1.0 denotes a moderate to severe disability [18,38]. According
to our analysis, the best performing ML model for HAQ-DI is SVM, which
documented as the health status at the last control and the MDI score at
the baseline were more predictive for HAQ-DI higher score. Quite all our
patients presented a certain degree of disability, with no differences
among the different myositis subtypes. Disability associated with a
polycyclic or a chronic-continuous course of the disease and the pres-
ence of lung involvement. Our data are in line with previous reports
[21,39]. In The EuroMyositis registry, Lilleker et al. [30] reported
similar HAQ-DI value, with higher score in patients with IBM compared
with other myositis subtypes. A significant correlation was found by
Vincze et al. [40] among HAQ-DI and the occurrence of vertebral frac-
tures, mostly in the early phases of the disease. Therefore, despite the
important progress in treatment, inflammatory myopathies remain a
severe disease, which significantly affects the quality of life of patients
and their work situation [41].

Finally, we evaluated by machine learning MMT8 which reflects
muscular strength and is related to the skeletal disease activity. In this
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analysis, the CART model predicted with a good performance the MMT8
at the follow-up. The variables with higher prediction towards MMT8 at
last follow-up visit are the MMT8 and MITAX values at the baseline.

To our knowledge, this report is the first algorithm capable of esti-
mating MMTS8 after an average follow-up of 10 years. Obviously, from a
clinical point of view, the data is strictly dependent on the kind of
myositis and the treatments used. In a population of patients like ours,
very broad and including PM, DM, ASS and IMNV, it could be consid-
ered a reference to have a greater awareness of the possible course of the
disease. Rider et al. [42] reported a relation between MMT8 and phy-
sician's global activity score and HAQ-DI scores and with laboratory
parameters such as serum LDH and CK levels.

In a recent study on factors associated with treatment response in
inflammatory myopathies subtypes, the presence of higher MMT8
values at baseline and at follow-up was described in patients with anti-
SSA antibodies, with better response after treatment [43]. In another
study MMT8 was related to daily physical activity and clinical status
[44].

In our work machine learning showed good results in predicting
disease activity indexes, to a lesser extent on those of damage. The best
result, with the least margin of error, was obtained on the prediction of
MMTS8. The MMTS8 represents a more direct and linear index of muscle
strength and disease activity, while the MITAX and MDI are composite
indices. In our analysis we have considered only some of the existing
validated scores to evaluate activity, damage, or improvement in pa-
tients with myositis. The reason is to be found because all the scores are
not easy to use and feasible in clinical practice, as they require time and
qualified personnel, therefore we considered the most long-lived scores
applied in more patients.

Aggarwal et al. [45] presented the total improvement score (TIS), a
validated composite index, which evaluates the improvement and
response to treatment in adult PM/DM. The TIS score includes different
core set measures of activity with a different weight on the result and the
most important index is represented by MMTS8, followed by MITAX and
physician global activity score. A limitation of the TIS is represented by
its complexity and by its uselessness in identifying disease remission,
disease recurrence or the difference between no change and worsening
[46].

The difficulty in identifying validated and objective scores that can
be used every day, which can be universal and can evaluate the different
aspects of the disease, depends on the complexity and variability of
organ involvement and severity of the myositis. In this context, a further
limitation of our study could be represented by the indistinct series of
myositis: in recent years, different pathogenesis, clinical characteristics,
severity, and prognosis of the subtypes of myositis emerged, so it could
be useful an analysis to better characterize each single subtype. On the
other hand, such a large and variable cohort, in consideration of the
rarity of the disease, reflects the real patient population.

Machine learning has proven to be useful and reliable in predicting
myositis indices, especially in MMT8 which perhaps represents the most
significant score with greater weight from a clinical point of view. Its
applications could be broader and more comprehensive, even in iden-
tifying strengths or weaknesses of each individual disease score, or to
improve classification criteria yet described [15,47].

In conclusion, in this paper, we investigated the usefulness of ma-
chine learning in predicting the outcome of myositis patients by the
means of specific scores. One critical point linked to the use of some of
these scores such as MDI and MITAX is that physicians should be skilled
to ascribe a modification in a clinical or laboratory feature to a myositis
activity/damage, thus excluding other possible causes of the variation of
a given parameter and thus differentiating well between activity and
damage. Moreover, if the physician is not accustomed with the patient, a
longer time is necessary to perform a complete medical history and
physical examination. However, despite these limitations, in our hands
MITAX and MDI were useful measures of disease activity and damage,
respectively, allowing a complete evaluation of muscular and
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extramuscular involvement in myositis patients and helping in the
therapeutic choice.
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