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Simple Summary: Multiple myeloma is a malignant neoplasm of plasma cells with complex path-
ogenesis. With major progresses in multiple myeloma research, it is essential that we reconsider our
methods for diagnosing and monitoring multiple myeloma disease. This fact needs the integration
of serology, histology, radiology, and genetic data; therefore, multiple myeloma study has gener-
ated massive quantities of granular high-dimensional data exceeding human understanding. With
improved computational techniques, artificial intelligence tools for data processing and analysis are
becoming more and more relevant. Artificial intelligence represents a wide set of algorithms for
which machine learning and deep learning are presently among the most impactful. This review
focuses on artificial intelligence applications in multiple myeloma research, first illustrating ma-
chine learning and deep learning procedures and workflow, followed by how these algorithms are
used for multiple myeloma diagnosis, prognosis, bone lesions identification, and evaluation of re-
sponse to the treatment.

Abstract: Artificial intelligence has recently modified the panorama of oncology investigation
thanks to the use of machine learning algorithms and deep learning strategies. Machine learning is
a branch of artificial intelligence that involves algorithms that analyse information, learn from that
information, and then employ their discoveries to make abreast choice, while deep learning is a field
of machine learning basically represented by algorithms inspired by the organization and function
of the brain, named artificial neural networks. In this review, we examine the possibility of the arti-
ficial intelligence applications in multiple myeloma evaluation, and we report the most significant
experimentations with respect to the machine and deep learning procedures in the relevant field.
Multiple myeloma is one of the most common haematological malignancies in the world, and
among them, it is one of the most difficult ones to cure due to the high occurrence of relapse and
chemoresistance. Machine learning- and deep learning-based studies are expected to be among the
future strategies to challenge this negative-prognosis tumour via the detection of new markers for
their prompt discovery and therapy selection and by a better evaluation of its relapse and survival.

Keywords: artificial intelligence; machine learning; deep learning; multiple myeloma; prognosis;
diagnosis; chemotherapy; bone disease
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1. Introduction
General Considerations on Machine Learning and Deep Learning

Artificial intelligence (Al) includes several tools and algorithms with the specific am-
bition to computationally imitate the human intelligence. Al might use various algorithms
derived from the subfields of machine learning (ML) or deep learning (DL) to push for-
ward the computerisation of human experts’ tasks, able to lead to a substantial and con-
crete effect in healthcare. Recently, the medical applications of Al have extended not only
to the clinical research but also to translational medicine and clinical procedures of differ-
ent diseases, including tumours [1-4].

Overall, ML aims at generating informed evaluations by detecting relationships in
information employing numerical algorithms, with these procedures presenting the ad-
vantage of being able to computerise the method of hypothesis construction. ML algo-
rithms have integrated and, in some instances, modified the conventional statistical meth-
odologies [5].

DL is a subfield of ML enthused by the configuration of the brain relying on the so-
called artificial neural networks. Basically, it structures algorithms into layers in order to
create artificial neural networks (ANN), able to learn and take intelligent decision on their
own. In fact, differently from ML, in the case of DL, the algorithm will be able to determine
the accuracy of a given prediction based on their own ANN, not requiring any sort of
human intervention as occurring; instead, with ML and in this, DL resembles more the
functioning of a real “brain,” making from it a sort of “human-like” AI method.

The evaluation of DL procedures’ results has demonstrated that, despite the general
higher computational load they require, in many cases, this sort of practices overtakes
other, more traditional ML methods [6]. DL structures have also been generated and em-
ployed for tumour detection, and they have been used to face the challenge of prefiguring
the drug effects in several types of tumours [7-9].

Overall, ML usually includes three different groups of algorithms: supervised learn-
ing (SL), unsupervised learning (UL), and reinforcement learning (RL) [10] (Figure 1). In
the SL, an algorithm is trained on the associations between the input variables and the
outputs (of a training set) known before the training phase and represented by a group of
labelled information. Upon such association, SL attempts to associate “new” inputs (i.e.,
the ones from a test set) to unknown outputs. In the UL, the information are unlabelled
(i.e., the output is not known) and grouped based on dissimilarities and correspondences.
Both these techniques are retrospectively used to analyse medical data and are employed
for diagnosis, prognosis, genomic evaluation, relapse checking, and chemotherapy re-
sponse assessment [11]. Finally, RL is adapted to different activities with respect to vari-
ous environmental conditions in order to figure out the scenario represented by a non-
static clinical situation. As an example, this might be employed for therapeutic protocols,
where dosages are selected along with the clinical response and the side effects of treat-
ments to generate a therapeutical approach that suits the specific patient [12]. Multivariate
data analysis is also a possible approach of ML, where data involving more than a single
type of measurement are present or where more than one dependent variable is analysed
together with other variables.
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Figure 1. Some of the main computational techniques of machine learning.

On the other hand, as mentioned above, DL is a subgroup of ML that is inspired by
the neurological structure and, in some instances, the functioning of the brain. With re-
spect to other ML techniques, the neural network structure the DL is based on supports
the possibility to exponentially scale up with the rising amount of data typical of the “big
data” era [13], making DL exceptionally convenient for solving complicated computa-
tional problems, such as large-scale image analysis [13], or to obtain non-linear reports
from a large quantity of data [14]. According to the brain structure, a deep neural system
is composed by millions of computing neurons ordered into successive layers. Inside each
layer, a neuron is related to other neurons in the layer before it, from which it collects
information, and neurons in the layer after it, to which it delivers information. As such, a
neural network improves each sample before transporting the data down to all subse-
quent layers. These data are then modified millions of times before they arrive at the last
layer, which makes up the final result.

Overall, there are different DL-based techniques, including Multi-layer perceptrons
(MLP), recurrent neural networks (RNN), and convolutional neural networks (CNN).
MLPs represent a simple kind of neural network where neurons are structured in sequen-
tial layers so that information move via the system in one direction, using backpropaga-
tion of the information for learning purposes. However, MLPs are exposed to overfitting
[15]. RNNs analyse an input sequence one item at a time while storing memory of all
previous components. This technique is generally employed for studying sequential in-
formation, including DNA sequences. Finally, CNNs are able to learn invariant features
and to represent spatial correlations from image data. They include ranked hierarchies,
where the circulation of inputs varies throughout the course of learning [16].
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In the last few years, the application of ML algorithms and DL procedures to detect
tumours has been progressively increased [17-20] (Figure 2), as they have the capability
to use a mixture of proteomic, genomic, histopathology data, or images to manage cancer
patients. However, the aim of DL or ML is not to replace the human ability but to provide
a decision support to oncologists in their practice [21]. These procedures have been
demonstrated to represent an advantageous support not only in the area of solid neo-
plasms but also in the management of the haematological patients. Recently, several re-
ports have shown their importance in the diagnosis, prognosis, and therapeutic evalua-
tion of haematological neoplasms. In light of such considerations, the purpose of this re-
view is to present the most recent results concerning the use of these computational tech-
niques in the management of a particular form of haematological neoplasia, namely the
multiple myeloma (MM). MM was selected since it represents a haematological tumour
provoked by the clonal proliferation of plasma cells with an increasing prevalence, ac-
counting for more than 140,000 subjects diagnosed per year. Furthermore, whereas the
survival after a diagnosis of MM has enhanced, the tumour has basically a negative out-
come [22,23].
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Figure 2. Possible applications of deep learning procedures in multiple myeloma research.

2. Machine Learning and Multiple Myeloma Diagnosis

Computerized tumour diagnosis is one of the most relevant fields of medical Al uses.
Traditional ML techniques, such as k-Nearest Neighbour (kNN), Random Forests (RFs),
Support Vector Machine (SVM), Gradient Boosting decision trees (GBDT), NB, and Arti-
ficial Neural Networks (ANNs) were employed for the computational diagnosis of MM
(Table 1).
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Table 1. Artificial intelligence (Al) applications in multiple myeloma diagnosis, and bone lesions

identification.
Diagnosis
Parameters Al Tools Ref. Key Findings
A ML approach on stand-
Blood and biochemical exams Gradient boosting decisional 24] ard laboratory findings en-
tree hances the percentage of
early detection
B irate dif-
Differential cell counts of =~ VGG16 convolutional net- one Matrow aspirae 41
. [25] ferential counts employing
bone marrow aspirate work .
ML techniques
Cytofluorimetric ana'lysis of FlowCAP [26] Computeri.zed r.nethods for
bone marrow aspirate cytofluorimetric analysis
lassification of pl 11
Gradient boosting machine Classi 1§at10n o prasna ¢
) [27] dyscrasias by combining Al
technique
and flow cytometry
Diagnosis of malignancies
. } 1 o
Laser-induced breakdown Quadratic discriminant analy- using serum-based laser in
i ) ) [28] duced breakdown spectros-
spectroscopy analysis sis, k-Nearest Neighbour .
copy and chemometric
methods
Diagnosis of malignancies
using serum-based laser in-
K-Nearest Neighbour, Sup- duced breakdown spectros-
port Vector Machine, Artifi- [29] copy in combination with

cial Neural Networks

ML methods can serve as
fast technique for MM diag-
nosis and staging

Bone Lesions Identification

Techniques Al tools Ref. Key findings
8Ga-Pentixaflor PET/CT
Convolutional neural net- and DL techniques to detect
PET and CT work (v-Net, w-Net) [30] MM whole-body bone le-
sions
Radiomics analysis of 18-
PET and CT Random Forest [31] FDG PET/CT 1mag? V\.,lth
ML overcame the limita-
tions of visual analysis
Naive Bayes, Support Vector ML radiomics is able to dif-
Machine, k-Nearest Neigh- ferentiate between MM and
MRI o [32] .
bour, Random Forest, Artifi- metastasis subtypes of lum-
cial Neural Networks bar vertebra lesions
SELDI-TOF-MS and ML
SELDI-TOF-MS (mass peaks Random Forest, Partial least [33] tools discriminate MM pa-

with mass-to-charge ratios) squares discriminant analysis

tients with and without
skeletal involvement

SELDI-TOF-MS, Surface enhanced laser desorption/ionization time-offlight mass spectrometry.
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MM is a malignancy of plasma cells with composite pathogenesis, and its diagnosis
and staging needs the combined analysis of serology, genetic, morphology, immunophe-
notypic, histology, and radiology information. The deferment in the diagnosis could delay
the therapy, provoking the onset of severe problems [34].

Increased tumour load and the onset of organ damages cause a decreased survival
[35]; for this reason, there is an increasing consideration about the use of AI methods for
the diagnosis of MM.

According to the literature and considering the ability to manage problems of diag-
nosis and categorization, the GBDT is considered as a valid ensemble learning system [36].
In a study, aiming to increase the diagnostic percentage of MM, a ML model was imple-
mented. A total of 4187 blood and biochemical exams were collected, which include 1741
results of MM patients and 2446 data from non-myeloma individuals, such as patients
affected by renal or hepatic diseases, infectious diseases, or rheumatic diseases. The data
collected were split into training and test subsets with the ratio of 4:1 while linking creat-
inine, calcium, haemoglobin, albumin, immunoglobulin, total protein, and the proportion
of albumin to globulin data. An assistant diagnostic model of MM was created by GBDT,
SVM, Deep Neural Networks (DNN), and RF. The methods were compared by means of
the receiver operating characteristic (ROC) curve. All the ML algorithms evaluated (RF,
DNN, and GBDT) worked fine. However, GBDT had the highest accuracy (92.9%), repli-
cability (90.0%), and F1 score (0.915) for the MM patients. The maximized area under the
ROC was calculated, and the results of GBDT (AUC: 0.975; 95% confidence interval (CI):
0.963-0.986) outperformed those of SVM, DNN, and RF. Therefore, the approach based
on ML fed by standard laboratory findings can correctly identify MM, enhancing the per-
centage of an early detection [24].

Moreover, computational systems seem to be able to completely modify the reliabil-
ity of the typical diagnostic techniques of MM, such as the morphological analysis of the
bone marrow and its evaluation through an immunophenotypic study.

Bone marrow aspirate (BMA), with its differential cell counts (DCCs), is essential for
the categorisation of hematologic conditions. In fact, disease classifying benchmarks are
established on different rates of plasma cells for monoclonal gammopathy of undeter-
mined significance (MGUS), including smouldering myeloma and MM. Although manual
evaluation is considered to be the gold standard, it is a time-consuming procedure, and it
is exposed to errors. A trustworthy computerised counter has to be created although dig-
ital imaging combined with ML algorithms is an extremely encouraging technique to this
end. A recent study developed a ML algorithm to identify BM cells [25]. Using a web-
based technique, over 10,000 cells taken from slide images of BM were manually inter-
preted. Authors performed a two-phase identification and categorisation method allow-
ing customization and increased categorisation accuracy. Their algorithms obtained high
accuracy in discovery and categorisation employing non-neoplastic samples. Analysing
small series of MM tests, it similarly displayed excellent identification, categorisation, and
classification accuracy. Therefore, the authors concluded that this procedure had the abil-
ity to support in MM detection, possibly influencing the clinical practice [25].

Comparable findings have been found by using specific computerised methods to
the immunophenotypic study. Cellular characteristics can be studied and counted on a
single MM cell by flow cytometry, which has been demonstrated advantageous not only
for identification but also for risk evaluation and treatment assessment [37]. Furthermore,
it should be reminded that, with technical developments, the number of antigens that can
be evaluated at the same time by cytofluorimetric analysis has increased. Various com-
puterized techniques for immunophenotypic study have been implemented [26,38,39].

In a different study, authors used a computational approach to discriminate MGUS
smouldering multiple myeloma (SMM) and MM. Specific antigens recognized via diverse
cluster of differentiation, such as CD27 and CD38, were differently recognized in MGUS
and MM. By employing a gradient boosting machine technique, they displayed that the
rate of clonal PCs and the ratio of PC/CD117 positive precursors were the more relevant
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factors to discriminate MGUS and MM. Lastly, they generated an algorithm allowing a
predictive categorisation 295% when PC alterations were supposed, without any misclas-
sification between MGUS and SMM samples. Finally, they proved the efficacy of this al-
gorithm in an independent group of PC alterations [27]. However, prospective analysis
should be performed to increase the quality of standardization [40,41].

Finally, it was described the chance to diagnose MM employing serum-based laser-
induced breakdown spectroscopy (LIBS) and ML techniques. LIBS is a simple and reliable
spectroscopic method that evaluates the atomic or molecular fingerprint due to emana-
tions of plasmas produced by directing a pulsed laser on the samples [42]. Recently, LIBS
has been used for the analysis of various biological samples, including cancer cells [43,44].

Chen et al. suggested the possibility to diagnose MM employing LIBS combined with
quadratic discriminant analysis (QDA) and kNN [28]. In a different work, the serum sam-
ples of MM subjects in different stages of disease and normal subjects were analysed with
a Q-switched Nd:YAG laser [29]. The serum-LIBS spectra were compared between the
MM subjects and controls and among different stages of MM disease. Different ML tech-
niques, including ANN, kNN, and SVM, were employed. Cross-validation was utilised to
estimate the capacity of the discrimination systems concerning accuracy, precision, and
area under the curve (AUC) of ROC. All the classifiers tested obtained analogous results
with an accuracy over 90% for both diagnosis and staging of MM samples. These data
demonstrate that LIBS combined with ML techniques can be used as a cheap, rapid, and
reliable method for the diagnosis of MM [29].

2.1. Machine Learning and Bone Lesions Identification in Multiple Myeloma Patients

The detection of lithic bone lesions is pivotal in the diagnosis, prognosis, and thera-
peutic choice in MM patients [45]. Imaging techniques are of extreme relevance to recog-
nize bone lesions. Overall, it is mandatory to establish the stage of the disease and to eval-
uate the therapy response. As such, radiographic skeletal investigation is commonly used
in the study of MBD, whereas other techniques include computed tomography (CT), mag-
netic resonance imaging (MRI), 18F-FDG PET and, more recently, the employ of a targeted
PET tracer, the 68Ga-Pentixafor [46-50].

However, even with the most sophisticated techniques, MM bone alterations remain
challenging, and the identification of small lesions on hybrid imaging is susceptible to
error.

Focusing on the existing literature, a study used DL techniques to computationally
merge different systems, such as PET and CT, for MBD identification in a 3D mode. Two
CNNs systems, V-Net and W-Net, were employed to segment and identify the MBD. The
feasibility of DL for MBD identification by 68Ga-Pentixafor PET/CT was first established
on digital phantoms produced employing realistic PET simulation procedures and after-
wards by a real 68Ga-Pentixafor PET/CT examination of MM subjects. The findings
demonstrated that DL procedures can provide multimodal data, and the W-Net achieved
the best outcome for segmentation and lesion identification. It was also reported that W-
Net outperformed traditional ML systems, including SVM, RF, and k-NN [30] (Table 1).

In a different study, Mesguich et al. aimed to create a system based on PET and CT
images that could improve the identification of MBD via 18-FDG PET/CT [31]. Visual eval-
uation of PET/CT was performed by two different nuclear medicine physicians. Spine vol-
umes on CT and PET were segmented, and a selection of the best features was performed
using RF features relevance combined with correlation analysis. ML algorithms were then
trained on the selected features with cross-validation, and the final model was tested on
an independent test set. Eighteen patients presented relevant disease according to MRI.
The accuracy and specificity of visual analysis were 75% and 70%, respectively, with a
sufficient kappa coefficient of consensus of 0.6. However, the agreement between readers
was modest and there was some intra-observer discrepancy at two different readings.
Moreover, accuracy was only slightly enhanced after consensual reading.
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On the training set, RF classifier achieved the greatest mean accuracy of 0.91 with an
AUC of 0.90 for advanced MBD diagnosis. On the independent test set, the system ob-
tained an accuracy of 80% [31]. Interestingly, the five biomarkers employed for the analy-
sis were extracted from both CT and PET, highlighting the relevance of both imaging mo-
dalities for the diagnosis of diffuse disease. The lack of correlation in these five parameters
between themselves suggests that they probably represent different information. Thus,
radiomics evaluation of 18-FDG PET/CT images with ML algorithms overwhelmed the
limits of visual investigation, offering an extremely precise identification of diffuse MBD
in MM subjects.

Finally, an effort was performed to establish whether ML based on traditional MRI
features is capable of differentially diagnosing MBD and different cancer metastasis of the
lumbar vertebra [32]. After regression analysis, employing the least absolute shrinkage
and selection operator algorithm, several ML systems were employed, such as Naive
Bayes (NB), SVM, KNN, RF, and ANN, using 10-fold cross validation, and the results were
analysed through a confusion matrix. To evaluate the accuracy and specificity of the sys-
tems, Matthews correlation coefficient (MCC) was also employed. Among the classifiers,
the ANN classifier from the T2WI images obtained the best results (MCC = 0.605) in the
validation cohort, with accuracy, sensitivity, and specificity of 0.815, 0.879, and 0.790, re-
spectively. Furthermore, the authors tried to discriminate MM lesions and metastasis sub-
types. However, although ML classifiers demonstrated an acceptable efficacy in discrim-
inating MM bone lesions from those of cancer metastasis, their performance in separating
MM from other metastasis subtypes was modest [32].

The advanced computational techniques have also been used in other experimental
studies performed on MM patients with innovative techniques. The introduction of sur-
face-enhanced laser desorption/ionization time-offlight mass spectrometry (SELDI-TOE-
MS) has offered the tools to evaluate a wide range of proteins in patient samples [32,51,52].
This technique, in association with informatics data evaluation, is extremely advanta-
geous in several medical conditions, such as in the study of the MBD in MM patients.
SELDI-TOF-MS was employed to check markers suggestive of bone alterations in MM
subjects. Serum samples from 48 MM subjects (half with more than three lithic lesions and
half without bone alterations) were evaluated employing copper ion-loaded immobilized
metal affinity SELDI chip arrays. The spectra achieved were normalized, and mass peaks
with mass-to-charge ratios (m/z) between 2000 and 20,000 Da were classified. Results were
evaluated employing partial least squares discriminant analysis (PLS-DA) and RF. The
PLS-DA system had a prediction accuracy between 96-100%, whereas the RF system ob-
tained a specificity of 87.5% [33].

2.2. Machine Learning and Multiple Myeloma Prognosis

Evaluation of the prognosis is one of the main topics within tumour investigation,
where Al is supposed to offer a substantial advancement in the management of MM sub-
jects [53] (Table 2).

Table 2. Artificial intelligence (AI) applications in multiple myeloma prognosis and prediction of
response to treatment.

Prognosis
Parameters Al Tools Ref. Key Findings
Al-supported modi-
Laboratory parameters  k-adaptive partitioning [54] fied risk staging for
multiple myeloma
Beta2microglobulin Infinicyt software [55] Next-Generation

Flow and ML for
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highly sensitive de-
tection of minimal
residual disease

Survival prediction
and treatment opti-
mization using ML
models based on
clinical and gene ex-
pression data

Gene expression profile, ISS

stage, first line therapy Random Forest [56]

Analysis of gene ex-
pression via one-

mRNA expression-based One-class logistic regres- class logistic regres-

steamness index sion 571 sion ML identifies
stemness features in
MM
Prediction of Response to Treatment
Drugs Parameters Al tools Ref.
A gene expression
Bortezomib, carfilzomib, ix- . . sllgnature. distin-
. . Gene expression profile ~ Random Forest [58] guishes resistance to
azomib, oprozomib o
proteasome inhibi-
tors
Gene networks con-
structed using simu-
Proteasome inhibitors Gene complex Slmuléted Treatment [59] latt'ed treatment.
learning signature learning can predict
proteasome inhibitor
benefit
Random Forest, Sup- ML applicability for
port Vector Machine, classification of
PAD, VCD Gene evaluation Ric'ige R.egress“ion, [60] Chemotherapy e
Binomial Naive sponse using 53 MM
Bayes, Multi-layer RNA-sequencing
perception profiles
ML predicts treat-
Five first-line treatments ment sensitivity in
(Bor-Cyc-Dex, Bor-Dex,  Clinical markers, gene ~ Multi Learning MM based on molec-
. iy [61] o
Bor-Len-Dex, Len-Dex, evaluation Training approach ular and clinical in-
Non-treatment) formation coupled

with drug response
Bor, bortezomib; Cyc, cyclophosphamide ; Dex, dexamethasone; Len, lenalidomide.

The initial staging system for MM was suggested by Salmon and Durie in 1975 [62].
Subsequently, the International Staging System (ISS) and the Revised-ISS (RISS) were for-
mulated [63,64]. However, the introduction of proteasome inhibitors (PSI) and immuno-
modulatory drugs [65] have modified the prognosis of these patients, and therefore, the
risk stratifications based on Salmon and Durie system, ISS and RISS, must be revised. Ap-
plications of ML algorithms recognized different risk groups and allowed a greater esti-
mation of the outcome. Due to the size and complexity of information, such investigations
would be unachievable without the use of ML algorithms and DL architectures.
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In a study, Farswan et al. employed ML techniques to elaborate a novel staging sys-
tem, the Modified Risk Staging (MRS), for MM using few laboratory markers: haemoglo-
bin, Beta2Microglobulin (32M), albumin, calcium, and estimated glomerular filtration rate
(eGFR) along with age [54]. The system was elaborated on a training data group of MM
patients and ratified on two test data groups. A comparison between this system with ISS
and RISS was carried out to evaluate its ability to predict progression free survival (PFS)
and overall survival (OS). K-adaptive partitioning (KAP) was employed to discover novel
significant levels for the parameters considered. Risk staging instructions, achieved by
training a J48 classifier (a decision tree classification algorithm and one of the best ML
algorithms to examine the data categorically and continuously), were employed to gener-
ate MRS. Novel levels were recognized for calcium, albumin, eGFR, $2M, and haemoglo-
bin by employing KAP on their inhouse MM Indian (MMIn) cohort. On this dataset, MRS
outperformed ISS for OS calculation but was equivalent in the prognosis of PFS [54].

A different attempt was performed by the Euroflow consortium, which employed a
PCA-based system for minimal residual disease (MRD) evaluation in MM [55]. A group
of 12 markers was evaluated in a series of diagnosis and follow-up MM BM samples, and
the automated parameter separation (APS) system of the Infinicyt analysis software (PCA-
based) was employed to calculate parameters that best differentiated between groups. The
best six parameters (CD19, CD45, CD56, CD81, CD27, and CD117) were employed for
MRD recognition, and APS was used to help recognition of MRD cell populations. This
system, called the Next-Generation Flow (NGF), identified 47% of samples as MRD-posi-
tive. Overall, 25% of subjects recognized as MRD-negative by traditional eight-colour flow
were MRD-positive by NGFE. OS in NGF MRD+ subjects was considerably shorter than in
NGF MRD patients. Although NGF did not represent a completely automatic classifica-
tion of MRD cells, it demonstrated that such systems might increase the accuracy of expert
evaluations [66].

Encouraging results have been also obtained by combining clinical and laboratory
parameters with gene expression profiling (GEP). In a report, a ML system was used to
analyse MM clinical and RNA-sequencing (RNAseq) information. A 50-variable RF sys-
tem (IAC-50) was generated to calculate OS. The continuous rank probability score (CRPS)
was evaluated as the integrated Brier score divided by time. This system included several
variables: ISS stage, age, first-line therapy, and the expression of 46 genes. Remarkably,
OS evaluation demonstrated that those patients cured with the best-expected drug com-
bination survived longer than those subjects administered with other protocols. This was
drastically relevant among MM subjects administered with a combined treatment, includ-
ing bortezomib, an immunomodulatory drug, and dexamethasone [56].

The use of the ML algorithms could also allow the detection and validation of other
prognostic parameters, including mRNA expression-based stemness index (mRNAsi).
Stemness was described as the capacity for differentiation and proliferation from a plu-
ripotent cell or a cancer cell. However, the processes triggering the proliferation and sur-
vival of MM stem cells are not clear. The stemness index for MM cells was evaluated by
employing a new one-class logistic regression (OCLR) ML system, and it was recognized
that mRNAsi was an independent predictor for MM [57], able to differentiate MM subjects
into groups with different OS. A total of 127 stemness-correlated signatures employing
weighted gene co-expression network analysis (WGCNA) were recognised. Pathway en-
richment analysis revealed that these genes were essentially involved in the regulation of
differentiation, cell cycle, and DNA repair. Employing the molecular complex detection
(MCODE) algorithm, 34 critical signatures were found. Furthermore, the study performed
an unsupervised clustering and ordered the MM patients into three different MM stem-
ness (MMS) groups with different outcomes. Patients with samples in MMS group 3 had
the highest stemness fractions and presented the worst outcome. In addition, the employ
of the ESTIMATE algorithm to evaluate a different immune activity among the three MMS
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groups allowed to confirm a negative correlation between stemness and anti-MM immun-
ity. Finally, they suggested a predictive nomogram that allows individualized evaluation
of the three- and five-year OS possibilities [57].

2.3. Machine Learning and Prediction of Clinical Drug Response

In spite of the exceptional advancement in the therapy of MM thanks to the finding
of new drugs [67-69], most subjects with MM relapse [67-69]. Large interindividual dif-
ferences in the response to treatment represents the main shortcoming in obtaining per-
sistent results in several tumours, including MM. This heterogeneity after therapy is due
to the modifications in the expression of genes involved in chemoresistance [70-72]. Inter-
preting alterations in gene expression is consequently crucial to evaluate the future effec-
tiveness of antimyeloma treatments and to avoid deferral in the right choice of different
therapies. However, even though technical progresses in high-throughput drug screening
in cells led to the production of a considerable volume of significant information, exami-
nation of such information remains troublesome.

Differential gene expression profile (GEP) analyses have offered GEP as an advanta-
geous predictive marker of low- vs. high-risk MM. Nevertheless, until present, none of
such profiles were drug specific [73-75].

For instance, proteasome inhibitors (PIs) are commonly used in the treatment of MM
but can provoke relevant side effects, and response to therapy differs among patients [76].
Considerable attempts have been performed to find what characterises responders to Pls
from non-responders, and several experimentations compared GEP of subjects reacting
well or inadequately to the PIs administration. Recently, the genes identified were com-
bined in a ML algorithm to predict the response to the treatment [73-75].

In a study employing a series of myeloma cell lines (MCLs) representative of the ge-
netic heterogeneity of MM patients, an in-vitro chemosensitivity pattern in response to
therapy with four Pls (bortezomib, carfilzomib, ixazomib, and oprozomib) as single
agents was reproduced [58]. Using ML-based computational methods, including RF and
Random survival forest, they recognized a 42-gene profile that could discriminate subjects
based on their response (Table 2).

These findings suggest the use of in-vitro experimentation and ML-based techniques
to determine prognostic markers of response and chemoresistance to PIs, but a key prob-
lem stems when a MM subject profits more from a PI than from a different therapy [77].

Ubels et al. projected a new system, Simulated Treatment learning signatures
(STLsig), to extrapolate gene profiles that can predict therapy advantage for MM subjects
at the diagnosis [78]. They employed STLsig to identify subjects for whom PIs therapy
causes a better survival than different treatments.

In a group of 910 MM subjects, STLsig identified two gene complexes that can jointly
predict good effects for the PI bortezomib [59]. In the group “benefit,” they found a Haz-
ard Ratio (HR) of 0.47 in support of bortezomib, while among those in “no benefit,” the
HR was 0.91. Furthermore, this profile also foresees efficacy for the PI carfilzomib, sug-
gesting the non-exclusiveness to bortezomib. Several genes included in the profile are cor-
related to functioning systems of PIs or MM progression. Hence, STLsig can recognize
gene profiles that might help in therapy selection for MM subjects and offer understand-
ing into the mechanism behind therapy profit.

In a different experimentation, Borisov et al. described novel RNA sequencing pro-
files for 53 MM subjects marked with outcome on two different treatment protocols: borte-
zomib, doxorubicin, and dexamethasone (PAD) and bortezomib, cyclophosphamide, dex-
amethasone (VCD) [60]. Authors evaluated profiles for the good and bad responders and
recognized five increases in the good responders: GRB14, MAF, FGFR3, IGHA2, and
IGHV1-69. Then, authors used several ML algorithms to generate a classifier discriminat-
ing good and bad responders for two groups of patients: PAD + VCD and, distinctly, VCD.
For each ML algorithm, the authors employed a data-trimming/pre-processing step using
FloWPS system to increase effectiveness. Among the ML system, they used RF, linear
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SVM and ridge regression (RR), binomial NB, and MLP. Results demonstrated that the
use of FloWPS dynamic data trimming was efficient for all ML algorithms employed in
both groups and also in a prior MM bortezomib group of data. Nevertheless, the ML sys-
tems generated for the different groups of data did not allow cross-transferring, which is
probably due to the different treatment protocols, investigational methodologies, and MM
heterogeneity [60].

Finally, a Multi Learning Training approach (MuLT) joining supervised, unsuper-
vised, and self-supervised learning systems was also proposed to evaluate the prognostic
significance of heterogeneous therapy outcomes for MM. Venezian Povoa et al. reported
that gene expression values increase the therapy sensitivity prognosis and wraps up ge-
netic alterations discovered by Fluorescence in-situ hybridization analysis [61]. MuLT
functioning was evaluated by cross-validation experiments, in which it displayed therapy
sensitivity with 68.70% of AUC. Furthermore, the results suggested that, in around 17.07%
of MM subjects, it could obtain better response to a different chemotherapy at the first
line.

2.4. Machine Learning and Apoptosis in Multiple Myeloma

The high computational ability of the ML algorithms could also promote the expla-
nation of some pathophysiological processes of the MM. Several experimentations have
demonstrated that the intrinsic apoptotic system has an essential effectiveness in the MM
therapies. The PI bortezomib has been reported to provoke programmed cell death in MM
cells by producing an increase of proapoptotic BIM and a decrease of the pro-survival
protein, MCL-1 [79,80], while MM cells quickly experience apoptosis upon genetic dele-
tion of MCL-1 or BCL-2 [81] or use of BCL-2 or MCL-1 inhibitors [82-84]. Hence, in-depth
knowledge of the programmed cell death dynamics in MM after therapy could influence
the selection of better drug protocols able to destroy MM cells.

In a study, authors tried to recognize the best adjunct targets to destroy MM cells
resistant to traditional treatments employing deep profiling by mass cytometry (CyTOF)
[85]. They evaluated 26 controllers of cell signalling, mitosis, cell death, and MM-corre-
lated pathways after therapy with dexamethasone or bortezomib. Time-resolved visuali-
zation algorithms and ML RF models defined predicted cell death paths and a ranking of
factors that identified MM cell survival or programmed cell death after therapy. Among
these factors, increased amounts of MCL-1 and phosphorylated cAMP response element-
binding protein were identifying attributes of cells persisting after drug administration.
Thus, ML algorithms might be useful to detect clinically effective drug combinations and
to evaluate the patient response to treatment.

3. Conclusion, Challenges, and Perspectives

Latest progresses in producing a constantly growing amount of biomedical infor-
mation and the increasing computational ability to analyse such data suggest the possi-
bility of a quicker fusion of data technology and the clinical universe. At the connection
of composite biomedical information and computational evaluation, ML and DL assume
a relevant role due to improvements in hardware elements and software knowledge
[86,87].

Together with the improvement obtained in the study of MM via the use of ML and
DL, novel study possibilities are opening. For instance, an exciting new approach for stud-
ying the MM BM milieu is represented by spatial transcriptomics, which allows to quan-
tize gene expression in single cells or regions while preserving their positional represen-
tation and so maintaining spatial heterogeneity of gene expression [88,89]. Considering
the complexity of this information, DL methodologies are appropriate for this evaluation
and analysis. For instance, by combining histopathology descriptions and spatial tran-
scriptomics, DL might calculate local gene expression from a simple smear, as proven by
ST-Net, a neural network able of foreseeing gene expressions in breast cancer using tissue
slides [90].
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However, there are several limitations to the extensive application of ML and DL
procedures in clinical practice. First of all, data mutability is a main problem for using
such systems in haematology. In fact, it is presently uncertain how these procedures
would operate with inter- and intra-laboratory variability. In addition, there is a great
variety of data normalization (FPKM, TMM, TPM) and data conversion approaches (log,
linear, etc.) with applications in several programming languages, causing a huge amount
of processing pathways that could provide the same findings but without any recognised
process to guarantee the accuracy of a methodology.

Moreover, ML algorithms could retrieve tricky correlations from large groups of
data, but there is a serious deficiency of understanding about their causal connections [91].
Furthermore, for DL to be employed in clinical practice, the systems need to be built up
purposely to improve the clinical workflow.

However, other pivotal issues have to be declared, including the unambiguousness
of the systems, which correlates to the data utilised, while the reliability, functioning, and
weaknesses of a single model have to be assessed. Further on, other factors should be
evaluated, including ethical and medico-legal issues and a still largely unmet need of full
validation and integration of Al systems in the existing framework for clinical decision
management. For instance, a key question might be if Al is able to replace physicians in
the observation, characterization, and quantification tasks that they presently carry out
employing their cognitive skills. For this question, the answer is likely to be a negative
one, as it is essential to highlight that the final decision concerning patient diagnosis is still
independent, and the responsibility remains with the physicians, not Al systems. In fact,
one of the main biases that can hinder the employment of Al in clinical activity is the
automation bias, which can be described as the tendency to support a machine-generated
diagnosis over the evidence derived from scientific knowledge and the physician’s own
expertise [92].

In their activities, physicians should realize how to better employ and interpret Al
algorithms, including in which situations a medical Al should be used and how much
confidence should be assigned in an algorithmic conclusion. Although Al creates new
prospects, the basic principles of the clinical reality do not change. In order to effect real
impact on patient care, Al-based research in medical activity must observe the first prin-
ciples in medical science. Research postulates, both Al-based or not, must be clinically
appropriate and accountable in the clinical domain [93]. This is a challenge, and evalua-
tion tools are still very much under development, making it necessary for medical Al to
be trained in appropriate environments, using optimized techniques, and on complete
datasets [94,95].

In addition, the process of Al systems integrated into big data networks produces
legal and ethical problems correlated to patient-specific consent, privacy protection, data
sharing, and the accessibility of multi-layered access to fully or partially anonymized
health information [96].

Finally, present Al techniques are not transparent in their elaboration processes; that
is, their interlocutors might have no well-defined representations of how Als have reached
a given conclusion: this could produce “trust issues,” especially when critical choices
should be taken based on these conclusions. Moreover, upcoming studies on the ethical
implementation of Alin medical evaluation should consider patients” perception of these
instruments and estimate under which conditions patients may feel “put aside” by their
doctor because health recommendation and therapy are provided by autonomous tech-
nologies [97]. In conclusion, large amounts of data on MM have been now collected and
are quickly growing. The use of ML and DL procedures may further increase our
knowledge, help to obtain a better understanding of the mechanisms of myelomagenesis,
and allow a better management of the MM patients. In the near future, Al is expected to
participate more and more in decision-making processes, as desirable features of Al sys-
tems include the ability to perform simple, yet repetitive and time-consuming tasks and
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optimization of workflow management, leaving more time for clinical patient supervision
[98].

Author Contributions: Conceptualization, A.A., A.T., and S.G. (Sebastiano Gangemi); software,
A.T., S.G. (Sara Genovese); validation, A.T. and C.M.; formal analysis, S.G. (Sara Genovese), C.M.,
and G.P.; investigation, R.S.; data curation, R.S. and S.G. (Sara Genovese); writing—original draft
preparation, A.A.; writing—review and editing, A.A., A.T,, RS, 5.G. (Sebastiano Gangemi), C.M.,
G.P.,, and S.G. (Sara Genovese). All authors have read and agreed to the published version of the
manuscript.

Funding: This research received no external funding.

Conflicts of Interest: The authors declare no conflict of interest.

References

10.
11.

12.

13.
14.

15.

16.

17.

18.

19.

20.

21.

22.

Yu, K-H.; Beam, A L.; Kohane, I.S. Artificial intelligence in healthcare. Nat. Biomed. Eng. 2018, 2, 719-731.

Jiang, F.; Jiang, Y.; Zhi, H.; Dong, Y.; Li, H.; Ma, S.; Wang, Y.; Dong, Q.; Shen, H.; Wang, Y. Artificial intelligence in healthcare:
past, present and future. Stroke Vasc. Neurol. 2017, 2, 230243, https://doi.org/10.1136/svn-2017-000101.

Reddy, S.; Fox, ]J.; Purohit, M.P. Artificial intelligence-enabled healthcare delivery. J. R. Soc. Med. 2018, 112, 22-28,
https://doi.org/10.1177/0141076818815510.

Chen, M.; Decary, M. Artificial intelligence in healthcare: An essential guide for health leaders. Healthc. Manag. Forum 2019, 33,
10-18, https://doi.org/10.1177/0840470419873123.

Lynch, CJ.; Liston, C. New machine-learning technologies for computer-aided diagnosis. Nat. Med. 2018, 24, 1304-1305,
https://doi.org/10.1038/s41591-018-0178-4.

Gupta, P.; Malhi, A K. Using deep learning to enhance head and neck cancer diagnosis and classification. In Proceedings of the
2018 ieee international conference on system, computation, automation and networking (icscan), Pondicherry, India, 6-7 July
2018; pp. 1-6, https://doi.org/10.1109/icscan.2018.8541142.

Chen, Y.; Li, Y.; Narayan, R.; Subramanian, A.; Xie, X. Gene expression inference with deep learning. Bioinformatics 2016, 32,
1832-1839, https://doi.org/10.1093/bioinformatics/btw074.

Koh, P.W.; Pierson, E.; Kundaje, A. Denoising genome-wide histone ChIP-seq with convolutional neural networks. Bioinformat-
ics 2017, 33, 12251233, https://doi.org/10.1093/bioinformatics/btx243.

Baptista, D.; Ferreira, P.; Rocha, M. Deep learning for drug response prediction in cancer. Brief. Bioinform. 2020, 22, 360-379,
https://doi.org/10.1093/bib/bbz171.

Russell, S.J.; Norvig, P. Artificial Intelligence: A Modern Approach; Pearson: Boston, MA, USA, 2020; ISBN 978-0-13-461099-3.
English, M.; Kumar, C.; Ditterline, B.L.; Drazin, D.; Dietz, N. Machine Learning in Neuro-Oncology, Epilepsy, Alzheimer’s
Disease, and Schizophrenia. Acta Neurochir Suppl. 2022, 134, 349-361, https://doi.org/10.1007/978-3-030-85292-4_39.

Eckardt, ].-N.; Wendt, K.; Bornhéuser, M.; Middeke, J.M. Reinforcement Learning for Precision Oncology. Cancers 2021, 13, 4624,
https://doi.org/10.3390/cancers13184624.

LeCun, Y.; Bengio, Y.; Hinton, G. Deep learning. Nature 2015, 521, 436—44.

Tran, K.A.; Kondrashova, O.; Bradley, A.; Williams, E.D.; Pearson, ].V.; Waddell, N. Deep learning in cancer diagnosis, progno-
sis and treatment selection. Genome Med. 2021, 13, 1-17, https://doi.org/10.1186/s13073-021-00968-x.

Montesinos-Lopez, O.A.; Montesinos-Lépez, A.; Pérez-Rodriguez, P.; Barrén-Lépez, J.A.; Martini, ] W.R.; Fajardo-Flores, S.B.;
Gaytan-Lugo, L.S.; Santana-Mancilla, P.C.; Crossa, J. A review of deep learning applications for genomic selection. BMC Genom.
2021, 22, 1-23, https://doi.org/10.1186/s12864-020-07319-x.

Bin Tufail, A.; Ma, Y.-K; Kaabar, M.K.A; Martinez, F.; Junejo, A.R.; Ullah, I; Khan, R. Deep Learning in Cancer Diagnosis and
Prognosis Prediction: A Minireview on Challenges, Recent Trends, and Future Directions. Comput. Math. Methods Med. 2021,
2021, 1-28, https://doi.org/10.1155/2021/9025470.

Libbrecht, M.; Noble, W.S. Machine learning applications in genetics and genomics. Nat. Rev. Genet. 2015, 16, 321-332,
https://doi.org/10.1038/nrg3920.

Jones, W.; Alasoo, K,; Fishman, D.; Parts, L. Computational biology: deep learning. Skolnick, J., editor. Emerg. Top. Life Sci. 2017,
1, 257-274, https://doi.org/10.1042/etls20160025.

Wainberg, M.; Merico, D.; Delong, A. Frey, B.J. Deep learning in biomedicine. Nat. Biotechnol. 2018, 36, 829-838,
https://doi.org/10.1038/nbt.4233.

Zou, J.; Huss, M.; Abid, A.; Mohammadi, P.; Torkamani, A.; Telenti, A. A primer on deep learning in genomics. Nat. Genet. 2018,
51, 12-18, https://doi.org/10.1038/s41588-018-0295-5.

Walsh, S.; de Jong, E.E.; van Timmeren, ].E.; Ibrahim, A.; Compter, I.; Peerlings, ]J.; Sanduleanu, S.; Refaee, T.; Keek, S.; Larue,
R.T.; et al. Decision Support Systems in Oncology. JCO Clin. Cancer Inform. 2019, 3, 1-9, https://doi.org/10.1200/cci.18.00001.
Hemminki, K.; Forsti, A.; Houlston, R.; Sud, A. Epidemiology, genetics and treatment of multiple myeloma and precursor dis-
eases. Int. J. Cancer 2021, 149, 1980-1996, https://doi.org/10.1002/ijc.33762.



Cancers 2022, 14, 606 15 of 18

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.
37.
38.

39.
40.

41.

42.

43.

44.

45.

Blimark, C.H.; Vangsted, A.].; Klausen, T.W.; Gregersen, H.; Szabo, A.G.; Hermansen, E.; Walinder, G.; Knut-Bojanowska, D.;
Zang, C.; Turesson, I; et al. Outcome data from >10 000 multiple myeloma patients in the Danish and Swedish national regis-
tries. Eur. ]. Haematol. 2021, 108, 99-108, https://doi.org/10.1111/ejh.13707.

Yan, W.; Shi, H,; He, T.; Chen, J.; Wang, C.; Liao, A.; Yang, W.; Wang, H. Employment of Artificial Intelligence Based on Routine
Laboratory Results for the Early Diagnosis of Multiple Myeloma. Front. Oncol. 2021, 11, 933,
https://doi.org/10.3389/fonc.2021.608191.

Chandradevan, R.; Aljudi, A.A.; Drumbheller, B.R.; Kunananthaseelan, N.; Amgad, M.; Gutman, D.A.; Cooper, L.A.D; Jaye, D.L.
Machine-based detection and classification for bone marrow aspirate differential counts: initial development focusing on
nonneoplastic cells. Lab. Investig. 2020, 100, 98-109, https://doi.org/10.1038/s41374-019-0325-7.

Aghaeepour, N.; Weng The FlowCAP Consortium; Finak, G.; Hoos, H.; Mosmann, T.R.; Brinkman, R.; Gottardo, R.; Scheuer-
mann, R.H.; The DREAM Consortium Critical assessment of automated flow cytometry data analysis techniques. Nat. Methods
2013, 10, 228-238, https://doi.org/10.1038/nmeth.2365.

Clichet, V.; Harrivel, V.; Delette, C.; Guiheneuf, E.; Gautier, M.; Morel, P.; Assouan, D.; Merlusca, L.; Beaumont, M.; Lebon, D.;
et al. Accurate classification of plasma cell dyscrasias is achieved by combining artificial intelligence and flow cytometry. Br. |.
Haematol. 2021, https://doi.org/10.1111/bjh.17933.

Chen, X,; Li, X;; Yu, X,; Chen, D.; Liu, A. Diagnosis of human malignancies using laser-induced breakdown spectroscopy in
combination with chemometric methods. Spectrochim.  Acta Part B At.  Spectrosc. 2018, 139, 63-69,
https://doi.org/10.1016/j.sab.2017.11.016.

Chen, X.; Zhang, Y.; Li, X.; Yang, Z.; Liu, A.; Yu, X. Diagnosis and staging of multiple myeloma using serum-based laser-induced
breakdown spectroscopy combined with machine learning methods. Biomed. Opt. Express 2021, 12, 3584-3596,
https://doi.org/10.1364/boe.421333.

Xu, L.; Tetteh, G.; Lipkova, J.; Zhao, Y.; Li, H.; Christ, P.; Piraud, M.; Biick, A.; Shi, K.; Menze, B.H. Automated Whole-Body
Bone Lesion Detection for Multiple Myeloma on 68Ga-Pentixafor PET/CT Imaging Using Deep Learning Methods. Contrast
Media Mol. Imaging 2018, 2018, 1-11, https://doi.org/10.1155/2018/2391925.

Mesguich, C.; Hindie, E.; de Senneville, B.D.; Tlili, G.; Pinaquy, J.-B.; Marit, G.; Saut, O. Improved 18-FDG PET/CT diagnosis of
multiple myeloma diffuse disease by radiomics analysis. Nucl. Med. Commun. 2021, 42, 1135-1143,
https://doi.org/10.1097/mnm.0000000000001437.

Xiong, X.; Wang, J.; Hu, S.; Dai, Y.; Zhang, Y.; Hu, C. Differentiating Between Multiple Myeloma and Metastasis Subtypes of
Lumbar Vertebra Lesions Using Machine Learning-Based Radiomics. Front. Oncol. 2021, 11,
https://doi.org/10.3389/fonc.2021.601699.

Bhattacharyya, S.; Epstein, J.; Suva, L.]. Biomarkers that Discriminate Multiple Myeloma Patients with or without Skeletal In-
volvement Detected Using SELDI-TOF Mass Spectrometry and Statistical and Machine Learning Tools. Dis. Markers 2006, 22,
245-255, https://doi.org/10.1155/2006/728296.

Howell, D.A,; Hart, R.I; Smith, A.G.; MacLeod, U.; Patmore, R.; Cook, G.; Roman, E. Myeloma: Patient accounts of their path-
ways to diagnosis. PLoS ONE 2018, 13, e0194788, https://doi.org/10.1371/journal.pone.0194788.

Pawlyn, C.; Cairns, D.; Kaiser, M.; Striha, A.; Jones, J.; Shah, V.; Jenner, M.; Drayson, M.; Owen, R.; Gregory, W.; et al. The
relative importance of factors predicting outcome for myeloma patients at different ages: Results from 3894 patients in the
Myeloma XI trial. Leukemia 2020, 34, 604612, https://doi.org/10.1038/s41375-019-0595-5.

Hastie, T.; Tibshirani, R.; Friedman, J. The Elements of Statistical Learning—Data Mining, Inference, and Prediction; Springer: New
York, NY, USA, 2001.

Craig, F.E.; Foon, K.A. Flow cytometric immunophenotyping for hematologic neoplasms. Blood 2008, 111, 3941-3967,
https://doi.org/10.1182/blood-2007-11-120535.

van der Maaten, L.; Hinton, G. Visualizing high-dimensional data using t-SNE. ] Machine Learning Res 2008, 9:2579-2605.
Beam, A.L.; Kohane, L.S. Big data and machine learning in healthcare. JAMA 2018, 319, 1317-1318.

Lhermitte, L.; on behalf of Mthe EuroFlow Consortium; Mejstrikova, E.; van der Sluijs-Gelling, A.].; Grigore, G.E.; Sedek, L.;
Bras, A.E.; Gaipa, G.; da Costa, E.S.; Novakova, M.; et al. Automated database-guided expert-supervised orientation for im-
munophenotypic ~ diagnosis  and  classification = of acute leukemia.  Leukemia 2017, 32,  874-881,
https://doi.org/10.1038/leu.2017.313.

Ni, W.; Hu, B.; Zheng, C.; Tong, Y.; Wang, L.; Li, Q.-Q.; Tong, X.; Han, Y. Automated analysis of acute myeloid leukemia minimal
residual disease using a support vector machine. Oncotarget 2016, 7, 71915-71921, https://doi.org/10.18632/oncotarget.12430.
Hahn, D.W.; Omenetto, N. Laser-Induced Breakdown Spectroscopy (LIBS), Part I: Review of basic diagnostics and plas-ma-
particle interactions: Still-challenging issues within the analytical plasma community. Appl. Spectrosc. 2010, 64, 335A-336A.
Gaudiuso, R.; Ewusi-Annan, E.; Melikechi, N.; Sun, X,; Liu, B.; Campesato, L.F.;Merghoub, T. Using LIBS to diagnose mel-
anoma in biomedical fluids deposited on solid substrates: Limits of direct spectral analysis and capability of machine learning.
Spectrochim. Acta Part B 2018, 146, 106-114.

Teng, G.; Wang, Q.; Zhang, H.; Xiaogli, W.; Yang, H.; Qi, X.; Cui, X,; Idrees, B.S.; Wei, K.; Khan, M.N. Discrimination of infil-
trative glioma boundary based on laser-induced breakdown spectroscopy. Spectrochim. Acta Part B 2020, 165, 105787.
Gangemi, S.; Allegra, A.; Alonci, A.; Cristani, M.; Russo, S.; Speciale, A.; Penna, G.; Spatari, G.; Cannavo, A.; Bellomo, G.; et al.
Increase of novel biomarkers for oxidative stress in patients with plasma cell disorders and in multiple myeloma patients with
bone lesions. Inflamm. Res. 2012, 61, 1063-1067, https://doi.org/10.1007/s00011-012-0498-7.



Cancers 2022, 14, 606 16 of 18

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

Dutoit, J.C.; Verstraete, K.L. MRI in multiple myeloma: a pictorial review of diagnostic and post-treatment findings. Insights
Imaging 2016, 7, 553-569, https://doi.org/10.1007/s13244-016-0492-7.

Cavo, M,; Terpos, E.; Nanni, C.; Moreau, P.; Lentzsch, S.; Zweegman, S.; Hillengass, J.; Engelhardt, M.; Usmani, S.Z.; Vesole,
D.H.; et al. Role of 18F-FDG PET/CT in the diagnosis and management of multiple myeloma and other plasma cell disorders: a
consensus statement by the International Myeloma Working Group. Lancet Oncol. 2017, 18, e206—e217,
https://doi.org/10.1016/s1470-2045(17)30189-4.

Moreau, P.; Attal, M.; Caillot, D.; Macro, M.; Karlin, L.; Garderet, L.; Facon, T.; Benboubker, L.; Escoffre-Barbe, M.; Stoppa, A.-
M.; et al. Prospective Evaluation of Magnetic Resonance Imaging and [18F]Fluorodeoxyglucose Positron Emission Tomogra-
phy-Computed Tomography at Diagnosis and Before Maintenance Therapy in Symptomatic Patients With Multiple Myeloma
Included in the IFM/DFCI 2009 Trial: Results of the IMAJEM Study. J. Clin. Oncol. 2017, 35, 2911-2918,
https://doi.org/10.1200/jco.2017.72.2975.

Vag, T.; Gerngross, C.; Herhaus, P.; Eiber, M.; Philipp-Abbrederis, K.; Graner, F.-P.; Ettl, ].; Keller, U.; Wester, H.-].; Schwaiger,
M. First Experience with Chemokine Receptor CXCR4-Targeted PET Imaging of Patients with Solid Cancers. J. Nucl. Med. 2016,
57, 741-746, https://doi.org/10.2967/jnumed.115.161034.

Philipp-Abbrederis, K.; Herrmann, K.; Knop, S.; Schottelius, M.; Eiber, M.; Lueckerath, K.; Pietschmann, E.; Habringer, S.;
Gerngrof, C.; Franke, K.; et al. In vivo molecular imaging of chemokine receptor CXCR 4 expression in patients with advanced
multiple myeloma. EMBO Mol. Med. 2015, 7, 477-487, https://doi.org/10.15252/emmm.201404698.

Tang, N.; Tornatore, P.; Weinberger, S.R. Current developments in SELDI affinity technology. Mass Spectrom. Rev. 2003, 23, 34—
44, https://doi.org/10.1002/mas.10066.

Petricoin, E.F.; Ardekani, A.M.; A Hitt, B.; Levine, P.].; A Fusaro, V.; Steinberg, S.M.; Mills, G.B.; Simone, C.; A Fishman, D.;
Kohn, E.C; et al. Use of proteomic patterns in serum to identify ovarian cancer. Lancet 2002, 359, 572-577,
https://doi.org/10.1016/s0140-6736(02)07746-2.

Kourou, K.; Exarchos, K.P.; Papaloukas, C.; Sakaloglou, P.; Exarchos, T.; Fotiadis, D.I. Applied machine learning in cancer re-
search: A systematic review for patient diagnosis, classification and prognosis. Comput. Struct. Biotechnol. J. 2021, 19, 55465555,
https://doi.org/10.1016/j.csbj.2021.10.006.

Farswan, A.; Gupta, A.; Gupta, R.; Hazra, S.; Khan, S.; Kumar, L.; Sharma, A. Al-supported modified risk staging for multiple
myeloma cancer useful in real-world scenario. Transl. Oncol. 2021, 14, 101157, https://doi.org/10.1016/j.tranon.2021.101157.
Flores-Montero, J.; Sanoja-Flores, L.; Paiva, B.; Puig, N.; Garcia-Sanchez, O.; Bottcher, S.; Van Der Velden, V.H.].; Pérez-Moran,
J.-J.; Vidriales, M.-B.; Garcia-Sanz, R.; et al. Next Generation Flow for highly sensitive and standardized detection of minimal
residual disease in multiple myeloma. Leukemia 2017, 31, 2094-2103, doi:10.1038/leu.2017.29.

Orgueira, A.M.; Pérez, M.S.G.; Arias, ].A.D.; Rodriguez, B.A.; Vence, N.A; Lépez, B.; Blanco, A.A.; Pérez, L.B.; Raindo, A.P.;
Lopez, M.C,; et al. Survival prediction and treatment optimization of multiple myeloma patients using machine-learning mod-
els based on clinical and gene expression data. Leukemia 2021, 35, 2924-2935, https://doi.org/10.1038/s41375-021-01286-2.

Ban, C; Yang, F.; Wei, M,; Liu, Q.; Wang, J.; Chen, L.; Lu, L.; Xie, D.; Liu, L.; Huang, ]. Integrative Analysis of Gene Expression
Through One-Class Logistic Regression Machine Learning Identifies Stemness Features in Multiple Myeloma. Front. Genet.
2021, 12, https://doi.org/10.3389/fgene.2021.666561.

Mitra, A.; Harding, T.; Mukherjee, U.K; Jang, J.S.; Li, Y.; Hongzheng, R.; Jen, J.; Sonneveld, P.; Kumar, S.; Kuehl, W.M,; et al. A
gene expression signature distinguishes innate response and resistance to proteasome inhibitors in multiple myeloma. Blood
Cancer ]. 2017, 7, €581, https://doi.org/10.1038/bcj.2017.56.

Ubels, J.; Sonneveld, P.; Van Vliet, M.H.; De Ridder, J. Gene Networks Constructed Through Simulated Treatment Learning can
Predict Proteasome Inhibitor Benefit in Multiple Myeloma. Clin. Cancer Res. 2020, 26, 5952-5961, https://doi.org/10.1158/1078-
0432.ccr-20-0742.

Borisov, N.; Sergeeva, A.; Suntsova, M.; Raevskiy, M.; Gaifullin, N.; Mendeleeva, L.; Gudkov, A.; Nareiko, M.; Garazha, A.;
Tkachev, V.; et al. Machine Learning Applicability for Classification of PAD/VCD Chemotherapy Response Using 53 Multiple
Myeloma RNA Sequencing Profiles. Front. Oncol. 2021, 11, 1124, https://doi.org/10.3389/fonc.2021.652063.

Povoa, L.V.; Ribeiro, C.H.C.; da Silva, I.T. Machine learning predicts treatment sensitivity in multiple myeloma based on mo-
lecular and clinical information coupled with drug response. PLOS ONE 2021, 16, e0254596, https://doi.org/10.1371/jour-
nal.pone.0254596.

Durie, B.G.; Salmon, S.E. A clinical staging system for multiple myeloma correlation of measured myeloma cell mass with
presenting clinical features, response to treatment, and survival. Cancer 1975, 36, 842-854.

Greipp, P.R.; Miguel, ].S.; Durie, B.G.; Crowley, J.J.; Barlogie, B.; Bladé, J.; Boccadoro, M.; Child, J.A.; Avet-Loiseau, H.; Kyle,
R.A; et al. International Staging System for Multiple Myeloma. J. Clin. Oncol. 2005, 23, 3412-3420,
https://doi.org/10.1200/jco.2005.04.242.

Palumbo, A.; Avet-Loiseau, H.; Oliva, S.; Lokhorst, H.M.; Goldschmidt, H.; Rosinol, L.; Richardson, P.; Caltagirone, S.; Lahuerta,
J.J.; Facon, T ; et al. Revised International Staging System for Multiple Myeloma: A Report From International Myeloma Work-
ing Group. J. Clin. Oncol. 2015, 33, 28632869, https://doi.org/10.1200/jco.2015.61.2267.

Suzuki, K. Latest treatment strategies aiming for a cure in transplant-eligible multiple myeloma patients: how I cure younger
MM patients with lower cost. Int. ]. Hematol. 2020, 111, 512-518, https://doi.org/10.1007/s12185-020-02841-w.



Cancers 2022, 14, 606 17 of 18

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

Cremers, E.M.; Westers, T.M.; Alhan, C.; Cali, C.; Visser-Wisselaar, H.A.; Chitu, D.A.; van der Velden, V.H.; Marvelde, ]. G.T.;
Klein, S.K.; Muus, P.; et al. Implementation of erythroid lineage analysis by flow cytometry in diagnostic models for myelodys-
plastic syndromes. Haematologica 2016, 102, 320-326, https://doi.org/10.3324/haematol.2016.147843.

Ettari, R.; Zappala, M.; Grasso, S.; Musolino, C.; Innao, V.; Allegra, A. Inmunoproteasome-selective and non-selective inhibi-
tors: A promising approach for the treatment of multiple myeloma. Pharmacol. Ther. 2018, 182, 176-192,
https://doi.org/10.1016/j.pharmthera.2017.09.001.

Allegra, A.; Sant’ Antonio, E.; Penna, G.; Alonci, A.; D’Angelo, A.; Russo, S.; Cannavo, A.; Gerace, D.; Musolino, C. Novel ther-
apeutic strategies in multiple myeloma: role of the heat shock protein inhibitors. Eur. ]. Haematol. 2010, 86, 93-110,
https://doi.org/10.1111/j.1600-0609.2010.01558 ..

Allegra, A.; Penna, G.; Alonci, A.; Russo, S.; Greve, B.; Innao, V.; Minardi, V.; Musolino, C. Monoclonal antibodies: potential
new therapeutic treatment against multiple myeloma. Eur. ]. Haematol. 2013, 90, 441-468, https://doi.org/10.1111/ejh.12107.
Kumar, S.; Rajkumar, S.V. Many facets of bortezomib resistance/susceptibility. Blood 2008, 112, 2177-2178,
https://doi.org/10.1182/blood-2008-07-167767.

Allegra, A,; Ettari, R.; Innao, V.; Bitto, A. Potential Role of microRNAs in inducing Drug Resistance in Patients with Multiple
Myeloma. Cells 2021, 10, 448, https://doi.org/10.3390/cells10020448.

Paiva, B.; Corchete, L.A.; Vidriales, M.-B.; Puig, N.; Maiso, P.; Rodriguez, I.; Alignani, D.; Burgos, L.; Sanchez, M.-L.; Barcena,
P.; et al. Phenotypic and genomic analysis of multiple myeloma minimal residual disease tumor cells: a new model to under-
stand chemoresistance. Blood 2016, 127, 1896-1906, https://doi.org/10.1182/blood-2015-08-665679.

Moreaux, J.; Klein, B.; Bataille, R.; Descamps, G.; Maiga, S.; Hose, D.; Goldschmidt, H.; Jauch, A.; Réme, T.; Jourdan, M,; et al. A
high-risk signature for patients with multiple myeloma established from the molecular classification of human mye-loma cell
lines. Haematologica 2011, 96, 574-582.

Kuiper, R.; Broyl, A.; De Knegt, Y.; Van Vliet, M.H.; Van Beers, E.H.; Van Der Holt, B.; El Jarari, L.; Mulligan, G.; Gregory, W.;
Morgan, G.; et al. A gene expression signature for high-risk multiple myeloma. Leukemia 2012, 26, 2406-2413,
https://doi.org/10.1038/leu.2012.127.

Zhan, F.; Barlogie, B.; Mulligan, G.; Shaughnessy, ].D., Jr.; Bryant, B. High-risk myeloma: A gene expression based risk-stratifi-
cation model for newly diagnosed multiple myeloma treated with high-dose therapy is predictive of outcome in relapsed dis-
ease treated with single-agent bortezomib or high-dose dexamethasone. Blood 2008, 111, 968-969.

Allegra, A.; Alonci, A.; Gerace, D.; Russo, S.; Innao, V.; Calabro, L.; Musolino, C. New orally active proteasome inhibitors in
multiple myeloma. Leuk. Res. 2014, 38, 1-9, https://doi.org/10.1016/j.leukres.2013.10.018.

Bernau, C.; Riester, M.; Boulesteix, A.-L.; Parmigiani, G.; Huttenhower, C.; Waldron, L.; Trippa, L. Cross-study validation for
the assessment of prediction algorithms. Bioinformatics 2014, 30, i105-i112, https://doi.org/10.1093/bioinformatics/btu279.
Ubels, J.; Sonneveld, P.; van Beers, E.H.; Broijl, A.; van Vliet, M.H.; de Ridder, ]J. Predicting treatment benefit in multiple mye-
loma through simulation of alternative treatment effects. Nat. Commun. 2018, 9, 2943.

Gomez-Bougie, P.; Wuilleme-Toumi, S.; Ménoret, E.; Trichet, V.; Robillard, N.; Philippe, M.; Bataille, R.; Amiot, M. Noxa Up-
regulation and Mcl-1 Cleavage Are Associated to Apoptosis Induction by Bortezomib in Multiple Myeloma. Cancer Res. 2007,
67, 5418-5424, https://doi.org/10.1158/0008-5472.can-06-4322.

Podar, K.; le Gouill, S.; Zhang, J.; Opferman, ].T.; Zorn, E.; Tai, Y.-T.; Hideshima, T.; Amiot, M.; Chauhan, D.; Harousseau, J.-L.;
et al. A pivotal role for Mc-1 in Bortezomib-induced apoptosis. Omncogene 2008, 27, 721-731,
https://doi.org/10.1038/sj.onc.1210679.

Gong, ].-N.; Khong, T.; Segal, D.; Yao, Y.; Riffkin, C.D.; Garnier, ].-M.; Khaw, S.L.; Lessene, G.; Spencer, A.; Herold, M.] ; et al.
Hierarchy for targeting prosurvival BCL2 family proteins in multiple myeloma: pivotal role of MCL1. Blood 2016, 128, 1834—
1844, https://doi.org/10.1182/blood-2016-03-704908.

Bodet, L.; Bougie, P.G.; Touzeau, C.; Dousset, C.; Descamps, G.; Maiga, S.; Avet-Loiseau, H.; Bataille, R.; Moreau, P.; le Gouill,
S.; et al. ABT-737 is highly effective against molecular subgroups of multiple myeloma. Blood 2011, 118, 3901-3910,
https://doi.org/10.1182/blood-2010-11-317438.

Kline, M.P.; Rajkumar, S.V.; Timm, M.M.; Kimlinger, T.K,; Haug, J.L.; Lust, ].A.; Greipp, P.R.; Kumar, S. ABT-737, an inhibitor
of Bcl-2 family proteins, is a potent inducer of apoptosis in multiple myeloma cells. Leuk. 2007, 21, 1549-1560,
doi:10.1038/sj.1eu.2404719.

Kumar, S.; Kaufman, J.L.; Gasparetto, C.; Mikhael, J.; Vij, R.; Pegourie, B.; Benboubker, L.; Facon, T.; Amiot, M.; Moreau, P.; et
al. Efficacy of venetoclax as targeted therapy for relapsed/refractory t(11;14) multiple myeloma. Blood 2017, 130, 2401-2409,
https://doi.org/10.1182/blood-2017-06-788786.

Teh, C.E.; Gong, ].-N.; Segal, D.; Tan, T.; Vandenberg, C.J.; Fedele, P.L.; Low, M.S.Y.; Grigoriadis, G.; Harrison, S.J.; Strasser, A.;
et al. Deep profiling of apoptotic pathways with mass cytometry identifies a synergistic drug combination for killing myeloma
cells. Cell Death Differ. 2020, 27, 2217-2233, https://doi.org/10.1038/s41418-020-0498-z.

Topol, E.J. High-performance medicine: the convergence of human and artificial intelligence. Nat. Med. 2019, 25, 44-56,
https://doi.org/10.1038/s41591-018-0300-7.

He, J.; Baxter, S.L.; Xu, J.; Xu, J.; Zhou, X.; Zhang, K. The practical implementation of artificial intelligence technologies in med-
icine. Nat. Med. 2019, 25, 30-36, https://doi.org/10.1038/s41591-018-0307-0.



Cancers 2022, 14, 606 18 of 18

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

Stahl, P.L.; Salmén, F.; Vickovic, S.; Lundmark, A.; Navarro, J.F.; Magnusson, J.; Giacomello, S.; Asp, M.; Westholm, J.O.; Huss,
M.; et al. Visualization and analysis of gene expression in tissue sections by spatial transcriptomics. Science 2016, 353, 78-82,
https://doi.org/10.1126/science.aaf2403.

Gerlinger, M.; Rowan, A.J.; Horswell, S.; Math, M.; Larkin, J.; Endesfelder, D.; Gronroos, E.; Martinez, P.; Matthews, N.; Stewart,
A.; et al. Intratumor heterogeneity and branched evolution revealed by multiregion sequencing. N. Engl. ]. Med. 2012, 366, 883—
892, https://doi.org/10.1056/nejmoal113205.

He, B.; Bergenstrahle, L.; Stenbeck, L.; Abid, A.; Andersson, A.; Borg, .; Maaskola, J.; Lundeberg, J.; Zou, J. Integrating spatial
gene expression and breast tumour morphology via deep learning. Nat. Biomed. Eng. 2020, 4, 827-834,
https://doi.org/10.1038/s41551-020-0578-x.

Confalonieri, R.; Coba, L.; Wagner, B.; Besold, T.R. A historical perspective of explainable Artificial Intelligence. WIREs Data
Min. Knowl. Discov. 2020, 11, https://doi.org/10.1002/widm.1391.

Rubin, D.L. Artificial Intelligence in Imaging: The Radiologist’'s Role. ]. Am. Coll. Radiol. 2019, 16, 1309-1317,
https://doi.org/10.1016/j.jacr.2019.05.036.

Savadjiev, P.; Chong, J.; Dohan, A.; Vakalopoulou, M.; Reinhold, C.; Paragios, N.; Gallix, B. Demystification of Al-driven med-
ical image interpretation: past, present and future. Eur. Radiol. 2018, 29, 1616-1624, https://doi.org/10.1007/s00330-018-5674-x.
Price, W.N.; Gerke, S.; Cohen, I.G. Potential Liability for Physicians Using Artificial Intelligence. JAMA ]. Am. Med Assoc. 2019,
322, 1765, https://doi.org/10.1001/jama.2019.15064.

Price, W.N.; Gerke, S.; Cohen, 1.G. How Much Can Potential Jurors Tell Us About Liability for Medical Artificial Intelligence?.
J. Nucl. Med. 2020, 62, 15-16, https://doi.org/10.2967/jnumed.120.257196.

Coppola, F.; Faggioni, L.; Gabelloni, M.; De Vietro, F.; Mendola, V.; Cattabriga, A.; Cocozza, M.A.; Vara, G.; Piccinino, A;
Monaco, S.L.; et al. Human, All Too Human? An All-Around Appraisal of the “Artificial Intelligence Revolution” in Medical
Imaging. Front. Psychol. 2021, 12, 4296, https://doi.org/10.3389/fpsyg.2021.710982.

Triberti, S.; Durosini, I.; Pravettoni, G. A “Third Wheel” Effect in Health Decision Making Involving Artificial Entities: A Psy-
chological Perspective. Front. Public Health 2020, 8, 117, https://doi.org/10.3389/fpubh.2020.00117.

Coppola, F.; Faggioni, L.; Regge, D.; Giovagnoni, A.; Golfieri, R.; Bibbolino, C.; Miele, V.; Neri, E.; Grassi, R. Artificial intelli-
gence: radiologists’ expectations and opinions gleaned from a nationwide online survey. Radiol. Med. 2020, 126, 63-71,
https://doi.org/10.1007/s11547-020-01205-y



