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Abstract Background The acute graft-versus-host disease (aGvHD) is the most important
cause of mortality in patients receiving allogeneic hematopoietic stem cell transplan-
tation. Given that it occurs at the stage of severe tissue damage, its diagnosis is late.
With the advancement of machine learning (ML), promising real-time models to predict
aGvHD have emerged.

Objective This article aims to synthesize the literature on ML classification algorithms
for predicting aGvHD, highlighting algorithms and important predictor variables used.
Methods A systemic review of ML classification algorithms used to predict aGvHD
was performed using a search of the PubMed, Embase, Web of Science, Scopus,
Springer, and IEEE Xplore databases undertaken up to April 2019 based on Preferred
Reporting Items for Systematic reviews and Meta-Analyses (PRISMA) statements. The
studies with a focus on using the ML classification algorithms in the process of
predicting of aGvHD were considered.

Results After applying the inclusion and exclusion criteria, 14 studies were selected
forevaluation. The results of the current analysis showed that the algorithms used were
Artificial Neural Network (79%), Support Vector Machine (50%), Naive Bayes (43%), k-
Nearest Neighbors (29%), Regression (29%), and Decision Trees (14%), respectively.

Keywords Also, many predictor variables have been used in these studies so that we have divided
= machine learning them into more abstract categories, including biomarkers, demographics, infections,
= prediction clinical, genes, transplants, drugs, and other variables.
= classification Conclusion Each of these ML algorithms has a particular characteristic and different
= Allo-HSCT proposed predictors. Therefore, it seems these ML algorithms have a high potential for
= aGvHD predicting aGvHD if the process of modeling is performed correctly.
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Introduction

Allogeneic Hematopoietic Stem Cell Transplantation (Allo-
HSCT) has long been considered as a therapeutic approach
for patients with hematologic disorders and malignancies.’
The most important cause of mortality after transplantation
is the acute graft-versus-host disease (aGvHD), which occurs
in more than 35% of recipients.z‘5 aGvHD is a systemic
disorder caused by allogeneic graft donor T cells and involves
various organs such as skin (81%), gastrointestinal tract
(54%), and liver (50%).5~°

The diagnosis of aGvHD is based on the patient’s clinical
symptoms and appears in several days to weeks after the
onset of GVH when the immunologic reactions result in
tissue damage in the target organs. However, many patients
may develop other symptoms that interfere with the diag-
nosis of aGvHD, so that a combination of these factors may
cause the late-stage diagnosis of aGvHD.'0

On the other hand, after diagnosis, the severity of GvHD is
determined using clinical grading systems. However, grading
systems cannot predict the response to steroids.'" Systemic
steroids are the standard first-line treatment for patients
with grade II or higher aGvHD. Many patients who may
respond to lower doses are subjected to severe immunosup-
pression induced by immune-suppressive regimens and will
be faced with various complications such as infection, while
patients who are likely to fail treatment, receive regular
doses, experience adverse effects of GvHD. Therefore, to
control the aGvHD, it is necessary to identify and predict
the process before the severe damage phase and the
evaluation of response to treatment.!?

In this regard, predictor variables associated with aGvHD?
and the use of machine learning (ML) classification algorithms
to evaluate the set of these predictor variables as advanced
technology have been taken into consideration for prediction
and response evaluation in recent years. Some researches on
the prediction of aGvHD have only employed demographic and
clinical variables, such as recipient gender, donor gender,
recipient age, disease stage, and GvHD prophylaxis due to
ease of access,"'>14 However, some studies have used bio-
markers such as Caspase 1 (CASP1), Early Growth Response 2
(EGR2), Inducible T-cell costimulator (ICOS), Interleukin 10 (IL-
10), Selectin P (SELP), Secretory Leukocyte Peptidase Inhibitor
(SLPI), Signal Transducer And Activator of Transcription 6
(STAT6), B-cell lymphoma 2 Related Protein A1 (BCL2A1),
Cluster of Differentiation 52 (CD52), Epidermal Growth Factor
Receptor (EGFR), Interleukin 6 (IL-6), Interleukin 9 (IL-9), and
Nicotinamide Phosphoribosyltransferase (NAMPT).">=23 Also,
some other studies have utilized both groups of biomarkers
and demographic variables.?*2>

Studies "*'372° have used ML algorithms and statistical
models together or just ML algorithms to predict aGvHD.

ML is the science and art of programming computers so
they can learn from past data and experiences.?®2” ML refers
to any process in which an algorithm is iteratively improved
or “trained” in performing a task, usually a classification or
identification task, by repeated exposure to many examples,
known as the training data or training set. The trained
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algorithm can then be tested by measuring its performance
in classifying new unseen data (the test set).2’ >

There are four major categories: supervised learning,
unsupervised learning, semi-supervised learning, and
reinforcement learning.28

In supervised learning, the training data we feed to the
algorithm include the desired solutions called labels. In
unsupervised learning, the training data are unlabeled so
that the system tries to learn without a supervisor.28

Some algorithms can deal with partially labeled training
data, usually a lot of unlabeled data and a little bit of labeled
data that is called semi-supervised learning.?®

Reinforcement learning is a very different beast. The learn-
ing system called an agent in this context, can observe the
environment, select and perform actions, and get rewards in
return.’®

In supervised ML, classification algorithms are applied to
the prediction process. Here are some of the most crucial
supervised learning algorithms including Artificial Neural
Network (ANN), Support Vector Machine (SVM), Logistic
Regression (LR), Naive Bayes (NB), and k-Nearest Neighbors
(KNN).28-32

ANNs are inspired by the structure of the brain, in partic-
ular, the human visual system, making them highly useful in
automated image analysis. ANN consists of many simple
simulated processing units (“neurons”) connected in one
or more layers. Neurons receive input from preceding layers,
combine the inputs according to simple summation rules,
and generate an output which is fed forward to the next layer.
The lowest layer of the network represents the input (e.g.,
variables values), while the final layer represents the output
or classification. Inputs from one neuron to another are
“weighted,” with values analogous to synaptic weights in
neural connections. As the algorithm is trained, these
weights are updated according to simple feedback rules to
improve the accuracy of the classification.3>33

SVMs apply a multidimensional transform to the input
data (variables values). The algorithm then attempts to
identify the hyperplane in this higher-dimensional space
that best separates the training data into the desired catego-
ries (e.g., aGvHD and no aGvHD).3234

KNN is an algorithm that works on the principle that data
with similar characteristics will lie close to each other. For a
new piece of data, the algorithm determines how close it lies
with another piece of predesignated data and will then make
an assumption on whether the new data has a positive or
negative value.323°

Considering the potential of ML in aGvHD prediction, the
importance of patient safety and multiple predictors, we set
out to perform a systematic review of published, real-time
ML classification algorithms that predict aGvHD, highlight-
ing algorithms and important predictor variables used.

Methods

This systematic review was conducted in 2019 based on
Preferred Reporting Items for Systematic reviews and Meta-
Analyses (PRISMA) statements.3°
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Eligibility Criteria
1. Inclusion criteria

This study examined a variety of studies that were eligible
for inclusion in this research. These inclusion criteria include:

« Studies in which ML classification algorithms have been
applied to predict aGvHD.

* Studies in which ML classification algorithms have been
applied to determine the important predictors in the
aGvHD prediction process.

« Studies that have applied clinical decision support sys-
tems (CDSS) based on ML classification algorithms to
predict aGvHD.

2. Exclusion criteria

Studies with one or more of the following exclusion
criteria were excluded from the analysis. These criteria
include:

* Studies that used classical statistical methods to predict
aGvHD.

« Studies that utilized ML classification algorithms to pre-
dict the effect of immune-suppressive drugs on aGvHD
treatment.

» Studies that employed ML algorithms and statistical
methods to predict other outcomes of Allo-HSCT or sur-
vival of patients with aGvHD.

« Studies whose full text was inaccessible.

In the cases, the abstract of papers contained the primary
information, including ML classification algorithm, their
evaluation indices as well as the significant predictors for
the aGvHD processes. Papers that abstracts contained infor-
mation according to the study objectives were not excluded
from this study.

Information Sources and Search Strategy
PubMed, Embase, Web of Science, Scopus, Springer, and IEEE
Xplore scientific databases before April 6, 2019 (without time
limit) were explored. A combination of keywords and mesh
terms associated with Allo-HSCT, aGvHD, ML, and clinical deci-
sion support system has been implemented by focusing on
human studies published in English for the searching process.
The complete search strategy is presented in Supplemen-
tary Material A (online only). Besides, after evaluating full-
text articles, references of the included studies were
searched manually to find other suitable articles.

Study Selection and Evaluation

Three authors (FA, CS, and ER) independently examined the
quality of all studies. The disagreement on whether the
studies met the inclusion criteria was resolved through
discussion. The reviewers also agreed on the results of all
studies (Supplementary Material B [online only]).

Data items

After identifying the selected papers, using two appropriate
forms designed in an Excel spreadsheet, the necessary infor-
mation (such as article’s primary information, applied algo-
rithms, evaluation indices of algorithms, and essential

reported predictors) was extracted from each study and
recorded in these forms (Supplementary Material B (online
only), = Tables 1 and 2).

Results

Study Selection

As a result of the search strategy in selected databases, 332
articles were retrieved. Twenty-one articles were eliminated,
and 266 were put aside based on reviewing the title and
abstract. After examining the full-texts of 45 remaining
studies, and five articles from bibliographic search based
on eligibility criteria, fourteen papers were chosen for eval-
uation (~Fig. 1).

Study Characteristics
Exploring the extracted results illustrated that in recent
years, little attention was paid to using the ML algorithm
in aGvHD prediction after Allo-HSCT. Most studies have been
conducted in the European Union (Italy and Spain), while the
least studies have been performed in Asia (Japan).
Following the aim of the study, the results have been divided
into two main categories, including the investigation of ML
classification algorithms and essential predictor variables.

ML Classification Algorithms

The first step in using the algorithms when there is high
dimensional data is deploying the feature extraction for
dimension reduction. In some selected studies (21%), CFS-
PCA methods'®'”2! and some others (14%) multivariate
analysis were applied®*% (~Table 1).

Selecting the validation method as the second step in
applying ML algorithms is of high importance. However, the
applied method is not reported in 21% of the studies.?3~2°

In these studies, the target variable was given, and the
data was divided (in the 3™ step) into two sets of training and
test data, applied for modeling and validation process, re-
spectively. The training dataset was used for training pur-
poses, and validation and the test dataset were employed for
the final evaluation of the model’s performance based on
classified algorithms of the ML.3’ A review of the selected
studies indicated that the ratio of training and test datasets
was not mentioned in 21% of them.'*>%3 In 29% of the
studies,’ 13142325 the selected test data was 30% or lower
(=Table 1).

The fourth step, evaluation of these classification algo-
rithms of ML shows that 79% (11 studies) applied ANN
algorithm (21%)212423 or a combination with other methods
(58%).115-2023

SVM or its combination with other methods (50%) is
the second method'>-16:18-20.22.23 35 then, NB algorithms
and its combination with other methods (43%),'>~2° KNN and
its combinations 29%,'8-20-? different types of Regression
29%,124.25 and Decision Trees 14%'314 were the main focus of
scientists (= Table 1).

In the last step, to evaluate the performance of the applied
algorithms, various evaluation indices such as Accuracy, Sen-
sitivity, Specificity, and AUC, Positive Predictive Value, and
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Table 1 Extraction of articles information based on machine learning classification algorithms and other details

Study | First author, | Machine learning No. of Size of Size of ML classification
ID year of algorithms patient’s | training (test set [ algorithms evaluation
publication, set validation index
reference set)
1 Fiasche et al, | ANN 59 29 30 CA training =96%, CA test=97%
20093x21
2 Fiasche et al, | CFS-ANN and 59 29 30 CFS-ANN:CA Test =97%
200917 Wrapper-NB Wrapper-NB:CA test =97%
3 Fiasche et al, | CFS-ANN, PCA-ANN, 59 29 30 CFS-ANN:CA test =97%
200916 Wrapper-NB, and
Wrapper-SVM
4 La Nasa et al, | ANN and LR 78 68 10 For ANN (CS =83.3% and CSP=90.1%)
200992 For LR (CS=21.7% and CSP = 80.5%)
5 Caocci et al, ANN and LR 78 68 10 For ANN (CS =83.3% and CSP=90.1%)
2010924 For LR (CS =21.7% and CSP = 80.5%)
6 Fedele et al, integrating: MLR, SVM, [ 66 - - CA >92%
201023 ES-NN, and DENFIS
7 Fiasche et al, | CFS-ANN, 59 29 + 3, 30+4 30+ 3 | CA for all classification
20102220 WrapperSVM, 2944 models = 97%
PMGS-NB, and
PMGS-WKNN
8 Fiasche et al, | integrated approach: 59 29 30:3(7), 4(7), | CA for all classification
2010%1° CFS-ANN, 3(7), 4(7), models = 97%
Wrapper-SVM, 6(7), 6(7)
PMGS-NB, and
PMGS-WKNN
9 Fiasche et al, [ CFS-ANN, 59 29 30 CA for all classification
20171318 Wrapper-SVM, models =97%
PMGS-NB,
PMGS-WKNN,
()PMGS- NB and
()PMGS- WKNN
10 Fiasche et al, | CFS-EFuNN, 78 29 30 EFUNN-1—training data:
20112215 WrapperSVM, CA =97.4 EFuNN-1—test data:
Wrapper-NB, and CA =97.0 EFuNN-2—training
Wrapper- EFUNN data: CA =95.0 EFUNN-2—test
data: CA=97.2
11 Paun et al, CART (292, 75%) | (95, 25%) Allogeneic decision model tree
2013213 training: CS = 63%, CSP = 70%,
PPV =24%, NPV = 93%;
validation: CS =28%, CSP = 68%,
PPV =17%, NPV = 80%
12 Cocho et al, SVM, SDA, and KNN 34 - - SVM: AUC =99/5, CS =100,
20159722 CSP =92/9 SDA: AUC =95/9,
CS =92/9, CSP =92/9 KNN:
AUC = 92/9, CS =92/9, CSP =92/9
13 Arai et al, ADTree 26695 70% 30% (8,050) AUC: 0.616 and 0.623 for
2018514 (17,244) | validation grades 2-4 and 3-4,
14 Lee et al, Ensemble: FIRST STAGE 9651 - AUCs’ of models ranged
201871 (7 kinds of regression, from 0.613 + 0.640
Bayesian additive, and
ANN). SECOND
STAGE: LR

Downloaded by: Imperial College London. Copyrighted material.

Validation Method: >-LOOCV, ®K-fold cross-validation, and “no validation. See also Supplementary Table S4 in Supplementary Material C (online
only) for other abbreviations.
Features extraction: *-CFS-PCA, Y-multivariate analysis, & *nonfeatures extraction.

Negative Predictive Value are reported. In 57% of the studies,
only the CA evaluation index has been employed.’>~2123

The reported quantity of each index related to different
algorithms is presented in ~Table 1.

Important Predictor Variables

Biomarkers, according to Biomarkers Definitions Working
Group, are a characteristic that is defined as a natural
biological processes index, pathogenic processes, or drug

Methods of Information in Medicine  Vol. 58 No. 6/2019
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Table 2 Extraction of articles information based on important predictors

Study | First author, No. of Important predictor®
ID year of publication, | predictors
reference (variable [biomarker)
1 Fiasche et al, 2009%" | 47 biomarkers C3', CASP1°, CCR4,' CD52%, EGRI", EGR2°, FOS', IL-107, ILI2A," IL-62,
2 Fiasche et al 200977 | 47 biormarkers IRFI', IRF7', MMP9', NFKB2', NOS2A," PIASI', PTN', SELP®, SER3',
i SER4’, SLPI*, STAT6®, VEGF', BCL2A1°, CCL7°, CD83%, CXCL10°, FAS®,

3 Fiasche et al, 2009'® | 47 biomarkers |c1056, |L-145, SLP]Z, Foxp-33, c>§cu >, CD52%,11-9', CCL24", CCL18", IFN-

4 Cocho et al, 2015%? 84 biomarkers c’, CCL2', EGFR', and NAMPT

5 Fedele et al, 201023 | 47 biomarkers

6 Fiasche et al, 20102° | 47 biomarkers

7 Fiasche et al, 2010'° | 47 biomarkers

8 Fiasche et al, 2011'8 | 47 biomarkers

9 Fiasche et al, 2011" | 47 biomarkers

10 Caocci et al, 201024 | 24 variables Demographic: Patient gender, patient age, donor gender, donor age,

1 La Nasa et al. 20092 male recipient/female donor, and male recipient/female donor, Pesaro

’ risk class 1, and Pesaro risk class 2

Infection: CMV (serology, positivity)
Clinical: Conditioning regimen with ATG
Genes: HLA class | mismatching, presence of patient HLA-11 positivity,
HLA-DPB1 no-permissive mismatch, patient KIR ligands C1/C2, Recipi-
ent KIR (activatory/inhibitory), donor KIR (activatory/inhibitory), donor
homozygosity for KIR A haplotype, patient HLA-G 14-basepair, and
donor HLA-G 14-basepair

12 Paun et al, 20133 15 variables Transplantation: Time from T0, graft type?, and previous transplant

X 14 Date

13 Arai et al, 2018 _ Demographic: Recipient gender?, donor gender?, donor’s age?, re-

14 Lee et al, 2018 12 variables cipient age, diagnosis, donor’s blood type and Rh factor, donor’s race,
donor’s weight, donor source, type (AML, ALL, MDS or CML) donor-
patient
female-male sex-mismatch, and patient-unrelated donor, sex mis-
match, underlying disease, and Karnofsky score
Genes: HLA compatibility, low resolution typing, DPB1 permissivity,
HLA mismatch, and HLA-compatibility (8/8 or 7% HLA-matched)
Drugs: TBI, GVHD prophylaxis? regime, and conditioning intensity
(myeloablative or reduced-intensity/non-myeloablative), and Datein-
vivo T cell depletion (no or yes)
Infectious: Donor’s CMV status and patient-donor CMV serology match
Other: Disease stage, donor contact, HCV RNA positivity, median CD34
cell dose infused, and clinical impression

“The superscripts above the biomarkers demonstrate the number of replicates in the studies.

response to therapeutic interruptions that are measured and
evaluated directly.38 As previously stated, to reduce dimen-
sional data, feature extraction is applied, and most critical
useful variables are picked out.'®17:21:2425 Qverall, the ana-
lyzed variables of the current study are divided into two
categories of biomarkers,'> 23 variables,"'3'* and mainly
demographic-clinical variables according to oncologists and
hematology specialists. The important reported biomarkers
are IL-10, ICOS, STAT6, SELP, EGR2, and CASP1 that are
mentioned in six or more studies. However, some biomarkers
such as NAMPT, EGFR, C3, and CCL2 have only been reported
in one study.?? Different kinds of variables such as graft type,
recipient gender, and low-resolution typing were reported in
the studies. According to ER and AHF specialists’ decisions,
these variables were classified into categories such as trans-
plantation, infection, and drugs (=Table 2).

Discussion

Summary of Evidence

The current study has focused explicitly on the usage of ML
algorithms and their important predictors. For this purpose,
after a thorough investigation, only 14 articles matched our
inclusion criteria. The few available studies could be due to
three reasons. One is that ML algorithms results are not
coupled with clinical reasoning.3® Next is the Black-box rule
deduction mechanism of most ML algorithms,3%? and third
is time and cost-consuming processes of obtaining some
biomarkers.#! One way to help to reduce the costs is by using
a feature extraction method separately or as a combination
with other methods to reduce dimensional data to eliminate
the less effective predictors. One of these methods is the
simplified PCA approach.'®17:21

Methods of Information in Medicine Vol. 58 No. 6/2019
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Fig. 1 Flow diagram of the included and excluded studies.3®

Examining the results of the selected articles indicates
that different predictors used as ML algorithms inputs have
a distinct relationship with their evaluation indices in a way
that in nine studies'>?3 out of fourteen, only genetic
biomarkers are deployed, and the results demonstrate
that the applied algorithm evaluation indices were above
90% whereas, in studies with mainly demographic-clinical
variables, 314 it was under 70%. In two other studies,?*2°
in which genetic biomarkers and demographic-clinical var-
iables were involved, the evaluation indices were in the
middle range. Thus, it can be concluded that regardless of
the type of algorithms, using biomarkers can noticeably
enhance the accuracy of aGvHD prediction after Allo-HSCT.
Although, in recent studies, demographic-clinical variables
were cost-efficient and favoured. Hence, in future studies, it
would be better to choose biomarkers after considering
their cost.

Additionally, more common biomarkers should be select-
ed, such as CASP1, IL-10, STAT6, and demographic-clinical
variables. Analyzing the functional indices used to evaluate
ML algorithms in the chosen studies illustrates that these
indices mostly depend on the type of predictors and we
cannot decide on the efficiency of algorithms merely based
on a high quantity of these indices. Therefore, according to
the aim of the study (extraction of the most appropriate
classification algorithms of ML), most important algorithms
should be introduced and then evaluated based on their
strength and weaknesses.

Methods of Information in Medicine  Vol. 58 No. 6/2019

'3
e Records identified Records identified Records identified Records identified Records identified Records identified
=
3 through PubMed through Embase through Web of through Scopus through Springer through IEEE
E';‘. searching searching Science searching searching searching Xplore searching
§ (n=124) (n=63) (n=47) (n=57) (n=31) (n=10)
> Combined Results .
(n=332)
]
=
§ +—'| Duplicates excluded (n=21)
E
@ Records screened based
on title and abstract s Excluded based on title and abstract review (n =266)
(n=311) Main reasons for exclusion:
— 1. Not an aGvHD prediction.
2. Refers to predicting the effect of medications.
Full-text articles assessed Full-text articles excluded (n =36)
= for eligibility » Main reasons for exclusion:
% (n=45) 1. Referring to other outcomes.
) 2. Unable to locate full text.
o 3. Other publication type providing insufficient details.
— 4. Not related to the objectives of this study.
Bibliography added 5. Studies that used only statistical methods to determine the most
(n=5) important predictors.
6. Use machine learning algorithms to predict the effect of
— immune-suppressive drugs for the treatment of aGvHD.
-E\ 4 7. Used machine leaming algorithms and statistical methods to
; 1 ; predict the survival of Allo-HSCT transplantation or the survival
= Articles reviewed and included D o i L romortie st
= of aGvHD.
2 (n=14)

Analysis of the results (~Table 1) revealed that SVM,
ANNSs, Decision Tree, and NB algorithms were famous in
predicting aGvHD after Allo-HSCT. SVM algorithm works
well with noisy data and provides a more accurate classifi-
cation mechanism for border-line data compared with other
classifier algorithms and can be entirely generalized. How-
ever, its downside is the interpretation of the generated
model and its sensitivity to the proper parameters setup.‘m'42
ANN algorithms, like SVM, work well with noisy data, can
present linear and non-linear functions of compound struc-
tures, and process black-box data. They are also strongly
dependent on setting the input parameters. NB is one of the
other famous ML algorithms that has some advantages such
as being fast to train, not being sensitive to irrelevant
features, handling real and discrete data and streaming
data properly. However, this algorithm assumes the inde-
pendence of the features.*> The latest algorithm of interest is
a Decision Tree which, compared with the algorithms as
mentioned earlier, not only has a high capability to distin-
guish final classification attributes but also, its deducted
rules can be easily interpreted (white-box).*4=4’

Each of these ML algorithms has a particular characteris-
tic and different proposed predictors. Therefore, it seems
these ML algorithms have a high potential for predicting
aGvHD if the process of modelling is performed correctly.
Finally, applying these algorithms in the design of clinical
decision support systems, not only provides awareness and
guarantee for improving the therapeutic process, but it can

Downloaded by: Imperial College London. Copyrighted material.
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also assist the healthcare team, patients and their families in
the process of clinical decision making.

Limitations

The first is that there are very few published articles on ML
algorithms for predicting aGvHD after Allo-HSCT. To address
this problem, we searched many databases such as PubMed,
Embase, Web of Science, Scopus, Springer, and IEEE Xplore,
as well as manually searching in other relevant databases
(e.g., Google Scholar). The second limitation was that we did
not publish a protocol in advance, so a systematic analysis
was performed to evaluate every step of this study.
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