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Abstract: Multiple myeloma (MM) is a malignant blood disease, but there have been significant improvements in the prognosis due to
advancements in quantitative assessment and targeted therapy in recent years. The quantitative assessment of MM bone marrow infil-
tration and prognosis prediction is influenced by imaging and artificial intelligence (Al) quantitative parameters. At present, the primary
imaging methods include computed tomography (CT), magnetic resonance imaging (MRI), and positron emission tomography (PET).
These methods are now crucial for diagnosing MM and evaluating myeloma cell infiltration, extramedullary disease, treatment effective-
ness, and prognosis. Furthermore, the utilization of Al, specifically incorporating machine learning and radiomics, shows great potential
in the field of diagnosing MM and distinguishing between MM and lytic metastases. This review discusses the advancements in imaging
methods, including CT, MRI, and PET/CT, as well as Al for quantitatively assessing MM. We have summarized the key concepts, advan-
tages, limitations, and diagnostic performance of each technology. Finally, we discussed the challenges related to clinical implementa-
tion and presented our views on advancing this field, with the aim of providing guidance for future research.
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Introduction

Multiple myeloma (MM) is a hematologic malignancy
characterized by the terminal differentiation of monoclo-
nal plasma cells, ranking second in prevalence among
such disorders. The iliness is characterized by the inva-
sion of the bone marrow (BM) and the excessive produc-
tion of abnormal monoclonal immunoglobulin, resulting in
common symptoms such as high levels of calcium in the
blood, kidney problems, low red blood cell count, and
bone abnormalities (usually lytic lesions) [1]. And these
performances serve as indicators for CRAB criteria [2].
MM has a range of disease stages, including monoclonal
gammopathy of undetermined significance (MGUS), smol-
dering multiple myeloma (SMM), and MM [3, 4]. Typically,
MM starts as a monoclonal gammopathy of undetermin-
ed significance (MGUS), affecting 3% to 5% of individuals
over the age of 65. Around 20% of cases of MGUS will
develop into MM or a similar condition within 25 years [5].
The prognosis for MM is generally poor. However, with the
advent of immunotherapies such as anti-CD38 monoclo-
nal antibodies [6] and targeted therapy using chimeric
antigen receptor (CAR) T cells that target mature antigens
on the surface of MM B cells [7], there has been a signifi-
cant improvement in the prognosis for MM. In recent
years, survival rates have seen marked increases [8].
However, current treatment methods cannot achieve a
complete cure, with a 5-year survival rate of less than

60% [9]. Most patients eventually develop drug resistance
and relapse [10].

The grading system at MM has undergone several chang-
es. The Durie and Salmon staging system, created in
1975, considers hemoglobin and serum calcium levels,
bone abnormalities, M-gradient, and kidney function. The
primary goal of this system was to assess the extent of
tumor presence and ascertain its influence on patients’
response to treatment and their survival prospects. In
Stage |, having only one osteolytic lesion on imaging was
the criterion, whereas having multiple osteolytic lesions
automatically classified a patient with MM as Stage IlI
[11]. The use of this staging system has been widespread
for around thirty years due to its significant predictive
value and its consistency as a method for categorizing
patients in clinical trials. The Durie & Salmon Plus staging
system [12] in 2003, categorizes widespread illness by
counting focal lesions using whole-body MRI or PET/CT
scans. The severity of the stages varied, with IA indicating
a solitary plasmacytoma, IB representing fewer than five
focal lesions, Il denoting 5-20 focal lesions, and Il indi-
cating more than 20 focal lesions. The disease has been
categorized by the internationally recognized International
Staging System (ISS) since 2005, using B2-microglobulin
and albumin levels as criteria [13, 14]. ESMO has incorpo-
rated the updated revised ISS system, which now consid-
ers cytogenetics and lactate dehydrogenase levels to
improve risk evaluation [13].
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Quantitative assessment of multiple myeloma

Imaging plays a crucial role in diagnosing, predicting out-
comes, evaluating treatment effectiveness, monitoring
progress, and detecting potential recurrence of MM [15,
16] (Table 1). However, there are significant variations in
image interpretation in conventional imaging, and the
small lytic lesions highlighted in the images are suscep-
tible to infection by bone degenerative lesions [17].
Therefore, utilizing semi-quantitative or quantitative pa-
rameters to assess MM is more precise and crucial for
diagnosis and prognosis prediction. At present, the pri-
mary imaging methods include computed tomography
(CT), magnetic resonance imaging (MRI), and positron
emission tomography (PET). Imaging and artificial intelli-
gence (Al) methods are now utilized for quantitative
assessment in MM diagnosis, as well as for evaluating
myeloma cell infiltration, extramedullary disease, treat-
ment effectiveness, and predicting prognosis (Figure 1).
This review discusses the advancements in imaging me-
thods, including CT, MRI, and PET/CT, as well as Al for
quantitatively assessing MM. We have summarized the
key concepts, advantages, limitations, and diagnostic
performance of each technology. Finally, we discussed
the challenges related to clinical implementation and pre-
sented our views on advancing this field, with the aim of
providing guidance for future research.

Importance of imaging and Al in the
quantitative evaluation of MM

Imaging plays a vital role in diagnosing and predicting the
prognosis of MM. Osteolytic bone lesions, a form of osse-
ous end-organ damage, are prevalent and significantly
impact the health outcomes of individuals with MM.
Around 70% of individuals with MM show bone damage
when diagnosed [1]. Imaging can also reveal the presence
of osseous and extraosseous plasmacytomas, which are
abnormal growths of plasma cells. Furthermore, imaging
studies enable the quantitative evaluation of bone mar-
row (BM) infiltration in MM. For nearly four decades, the
standard imaging assessment for individuals with poten-
tial MM has been the traditional skeletal survey (CSS) [18]
or whole-body X-ray (WBXR) [19]. The traditional method
of WBXR (bone scan) can only identify lytic lesions if 30%
to 50% of the cortex has been eroded. At that point, indi-
viduals are already in danger of developing pathological
fractures. As a result, more advanced imaging techniques
have replaced WBXR [16]. Advanced imaging methods
like WBLDCT, WB-MRI, and PET/CT with 8F-FDG are
increasingly being utilized in the treatment of patients
with MM. The diagnostic criteria for MM were updated by
the International Myeloma Working Group (IMWG) in 2014
to include the presence of multiple lytic lesions on imag-
ing tests such as CT, WBLDCT, or PET/CT, in addition to
at least one distinct bone marrow focal lesion larger than
5 mm on MRI. This criterion is considered indicative of
MM-related bone disease, even if not visible on skele-
tal radiography [4]. Additionally, the treatment response
criteria in 2016 suggested assessing deeper imaging
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response with PET/CT in patients who have achieved
complete response [20]. The guidelines were implement-
ed after compelling evidence demonstrated that the new
imaging methods have a higher detection rate than skel-
etal surveys. Consequently, these advanced imaging
methods have become a routine part of clinical practice
[24].

The complexity of MM lesions and their various manifes-
tations in imaging limit the accuracy of diagnosis. Thus,
advanced diagnostic methods are needed to provide
accurate and personalized treatment for patients with
this disease. Al, including machine learning and radio-
mics, represents the most recent advancement in the
field of MM diagnosis and treatment. It enhances the sen-
sitivity of examinations, effectively distinguishes MM from
soluble metastases, and improves examination efficien-
cy. Nevertheless, there are inherent limitations in detect-
ing and characterizing bone changes in multiple myeloma
(MM), making it a challenging task. Imaging and Al each
have their advantages and disadvantages (Table 2), and
various technologies can be selected for the diagnosis
and treatment of MM based on specific situations.

Computed tomography (CT)

MM imaging has seen significant progress in recent years,
especially with the transition from traditional radiography
to CT scans. A groundbreaking study conducted by Sch-
reiman and his team [22] in 1985 showed that CT scans
had higher detection rates than traditional WBXR. CT
shows promising characteristics that could potentially
lead to its substitution for traditional radiography as a
screening method for lytic lesions in MM. CT is superior to
MRI in identifying osteolytic bone lesions and provides a
more accurate assessment of spinal stability in vertebral
fractures. On the other hand, MRI is considered the most
reliable technique for identifying BM infiltration before
bone fracture and assessing various aspects of medullary
involvement. However, due to various factors, there are
significant discrepancies in the interpretation of CT imag-
es. Thus, the Myeloma Spine and Bone Damage Score
(MSBDS) [23] was created to assess bone damage, frac-
ture risk, and instability in MM in a quantitative manner.
Its aim is to address the issue of variability and ensure
reliable evaluation of CT data. The MSBDS criteria have
proven to be efficient, reproducible, and easily integrated
into daily clinical practice. It is crucial to emphasize that
MSBDS is just one option for quantitatively assessing MM
bone involvement and should be utilized as an initial step
in accurately evaluating the patient’s disability. A compre-
hensive evaluation using reliable and quantitative param-
eters is essential [24].

Whole-body low-dose computed tomography (WBLDCT)

WBLDCT has several advantages over traditional imaging
modalities. It plays a crucial role in the management and
treatment decisions for patients with MM [25], classifying
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Table 1. Summary of studies using imaging to quantitatively assess multiple myeloma

) . Cohort _. .
Aim Imaging . Findings Reference
size
Comparation qualitative and quantitative CT and MRI CT N =31 Quantitative CT showed a significant increase in maximum bone attenuation (P < 0.001) Horger et al. [127]
parameters for longitudinal disease monitoring. MRI and a significant decrease in minimum bone attenuation (P < 0.002). Quantitative MRI

showed a significant reduction in signal intensity of STIR in the BM in patients with diffuse
BM involvement reaching (P < 0.001).
Diagnosis of WBLDCT in detecting diffuse marrow infiltra- ~ WBLDCT N =76 Medullary attenuation differed significantly among mixed, nodular, and diffuse CT-based Koutoulidis et al. [128]
tion. appendicular medullary cavity patterns in the femurs (mean, 34.23 HU and range, 15-61
HU; mean, 66.26 HU and range, 26-104 HU; mean, 92.80 HU and range, 53-127 HU,
respectively).
Diagnosis and staging of patients with suspicion of MM. WBLDCT N =138 In all 138 patients, image resolution was diagnostic, enabling correct classification of MM Ippolito et al. [28]
patients. WBLDCT showed a total of 328 pathologic bone findings in 81/138 patients.

Compares sensitivity and prognostic significance of WBCT =~ WBLDCT N =212 Fifty-four of 212 patients (25.5%) had a negative CSS and a positive WBCT for osteolytic Hillengass et al. [29]

and CSS in patients with SMM and MM. lesions (P < 0.0001). WBCT should be considered the current standard for the detection of

osteolytic lesions in MM.
Detection of bone disease. WBLDCT N =33 LDCT/PET sensitivity, specificity and accuracy were 89.4%, 98.3% and 93.5%. Maggialetti et al. [129]
Identification of lesions in SMM patients with only bone WBLDCT N =100 A total of 31/100 patients (31%) progressed, but 10 patients (10%) were identified as Gavriatopoulou et al.
disease progression. progressives solely due to bone disease on WBLDCT. [26]
Clinical significance of medullary abnormalities in the AS.  WBLDCT N =172 In SMM, the presence of abnormal medullary lesions was associated with increased Nishida et al. [35]

incidence of high-risk cytogenetic abnormalities (34.4% vs. 7.7%; P = 0.002) and extra-
medullary disease (10.4% vs. 0%; P = 0.032). It was also an independent poor prognostic
predictor (hazard ratio 3.546, P = 0.04).

Management of patients with MM and precursor states. WBLDCT N =116 WBLDCT led to a change in management in 32 patients (28%). In 65 patients (56%), WBCT Simeone et al. [130]
was performed for surveillance of MM precursor disease or stable treated MM, and did not
detect new lesions.

An automatic bone segmentation in WBCT scans. WBCT N =18 Adice score of 0.95 and an intersection over union of 0.91. Klein et al. [124]
Assess the reliability of the myeloma spine and bone dam- WBCT N =15 ICC correlation coefficient was 0.87 (95% CI: 0.79-0.92), and the Cronbach’s alpha was Tagliafico et al. [23]
age score (MSBDS). 0.93 (95% Cl: 0.94-0.97).
Detect BM infiltration and distinguish different patterns of DESCT N =50 AUC = 0.856[95% Cl, 81.4-89.1%] with sensitivity = 0.841 and specificity = 0.768, as well  Hu et al. [131]
BM infiltration. as between MM patients and control subjects (AUC = 0.910 [95% ClI, 79.5-97.3%], sensitiv-

ity = 0.829 and specificity = 1.000).
Subjective and objective image quality comparison of bone DS-PCD-CT N =50 DS-PCD-CT significantly improves spatial resolution of bony microstructure and lytic bone Winkelmann et al. [132]
microstructure and disease-related abnormalities. lesions compared to DS-EID-CT.
Evaluate VNCa images from dual-layer spectral CT (DLCT), DLCT N =32 Measurements in VNCa-CT showed the highest correlation with ADC at CaSupp index 65. Brandelik et al. [17]
correlating results with ADC values from MRI.
Evaluate the ADCs in the BM and determine a threshold MRI N =99 ADCs of MRl in patients with MM differ significantly. A diffuse MRI pattern can be distin- Koutoulidis et al. [133]
ADC that may help distinguish a diffuse from a normal pat- guished more objectively from a normal MRI pattern by adding quantitative diffusion-weight-
tern with high accuracy. ed imaging to standard MR imaging protocols.
Assessment of treatment response. MRI N =64 The agreement between the DIET method and the clinical outcome reached 0.922 (59 of Zhou et al. [134]

64; k = 0.816; AUC, 0.886 + 0.042).
Assess the potential usefulness of fat fraction (FF) and DWI N =43 ANOVA with Bonferroni’s correction showed a significant difference in ADC values among Berardo et al. [49]
ADC in diagnosing and classifying MM patients according the different groups of MM patients (P < 0.05), while FF was only significantly different
to BM infiltration patterns. between patients with diffuse infiltration and patients with FL (P = 0.002).

210 Am J Nucl Med Mol Imaging 2024;14(4):208-229



Quantitative assessment of multiple myeloma

Evaluate the value of the combined evaluation of SE MRI,  SE MRI, N =27 The combined skeletal score could significantly differentiate between subgroups based on  Dutoit et al. [50]
DCE-MRI and DWI. DCE-MRI, IMWG response criteria (P = 0.016). The gold standard plasmacytosis could significantly
DWI differentiate between subgroups based on MRI response criteria (P < 0.001), as well as

slope (P < 0.001) and ADC (P = 0.006). There is a good agreement between IMWG and MRI
response criteria (Kendall's coefficient = 0.761).

Evaluate DWI of the BM in the differentiation of MM. DWI N =76 Spinal SE-MRI can differentiate among MM. DWI based on the Sl on b1000 images and Dutoit et al. [51]
ADC values is increased in MM.

The feasibility of DWI for assessment of treatment re- DWI N =49 DWI scores were significantly different between observers (P < 0.001). Giles et al. [52]

sponse in myeloma.

The influence of ADC on MM survival. DWI N =381 In Cox proportional hazards model, the ADC value was considered to be an independent Zhang et al. [54]
risk factor affecting PFS and OS of MM (both P < 0.001).

The prognostic value of ADC. DWI N =114 Mean ADC value of the representative background bone marrow predicts both PFS and OS. Zhang et al. [55]

Evaluate treatment response. WBMRI N =21 sFF (P <0.0001)and ADC (P = 0.001) significantly increased in responders but not non- Latifoltojar et al. [56]
responders.

The quantification of tumor burden and the correlation WBMRI N =95 Quantitative WBMRI examination may serve as an effective complement to imaging diagno- Sun et al. [57]

between MRI and prognostic biomarkers. sis.

Qualitative and quantitative evaluations of diffuse infiltra- WBMRI N =180 BMPCs as a significant independent risk factor for HRMM (odds ratio (OR) = 1.019, 95% Sun et al. [58]

tion patterns on MRI could identify HRMM. Cl 1.004-1.033), while FF was a significant independent protective factor associated with

HRMM (OR = 0.972, 95% Cl 0.946-0.999). The combination of BMPCs and FF achieved the
highest AUC of 0.732, with sensitivity and specificity of 70.9% and 68.3%, respectively.

Assess the test-retest reproducibility and intra/interob- WBDWI N =47 Mean ADC measurements are repeatable and reproducible in focal lesions in multiple ElGendy et al. [135]
server ADC measurements of myeloma lesions using myeloma, while the ADC measurements of diffuse disease in MM are more subject to varia-
WB-DW-MRI at 3T MRI. tion.
Assessment of bone involvement. BF-FDG N =58 SUVmean [OR: 10.52 (95% Cl, 5.68-19.48); P < 0.0001] and for the SDSUV [OR: 5.58 Takahashi et al. [136]

PET/CT (95% Cl, 3.31-9.42); P < 0.001] than for the SUVmax [OR: 1.01 (95% CI, 1.003-1.022); P =

0.003].

Prognostic value of ‘8F-FDG PET/CT semi-quantitative BF-FDG N =38 aMTV>90.97 cm? aTLG > 283.31 g, hemoglobin (Hb) < 100 g/L, focal lesions (FLs) > 10, Wan et al. [70]
parameter. PET/CT percentage of circulating plasma cells (CPC%) > 30%, creatinine (Cr) > 177 umol/L, lactic

dehydrogenase (LDH) > 250 g/L might be the adverse prognostic factors of PFS in patients
with NDMM, all P < 0.05.

Prediction of the OS with or without ASCT. 18F-FDG N =227 High SUVmax, SUVmean, MTV, TLG, and FL could predict worse OS (hazard ratio [HR] = Leeetal. [71]
PET/CT 2.569, 2.649, 2.506, 2.839, and 1.988, respectively) in non-ASCT MM patients.

Prediction of PFS and OS using TLG and MTV. BF-FDG N =192 Baseline TLG > 620 g and MTV > 210 cm?® remained a significant factor of poor PFS and OS McDonald et al. [73]
PET/CT after adjusting for baseline myeloma variables.

Prognosis prediction of MM patients using MTV and TLG. BF-FDG N =185 High-burden MTV (= 56.4 cm?®), TLG (= 166.4 g) and high-risk PET/CT findings differed signif- Terao et al. [74]
PET/CT icantly in PFS and OS. High-burden MTV and TLG findings also predicted survival outcomes

in young patients (age < 75 years) and patients with high-risk chromosomal abnormalities.

Quantitative evaluation of BM using ‘F-FDG uptake IBI. BF-FDG N =59 IBlscore is an objective measure of BM involvement in MM, allowing the categorization of ~ Takahashi et al. [76]
PET/CT patients in different degrees of aggressiveness of the bone disease.

Prognostic value of 8F-FDG PET/CT in MM. BF-FDG N =45 *8F-FDG-PET/CT before and shortly after allogeneic HCT is a powerful predictor for progres-  Stolzenburg et al. [137]
PET/CT sion-free and OS in MM patients.

Prognosis prediction of MM. BF-FDG N =48 SUVmax > 4.0, VB > 0.001, k3 > 0.038 and influx (Ki) > 0.015 in reference BM as well as Sachpekidis et al. [138]
PET/CT SUVmax > 6.8 in myeloma lesions were associated with shorter PFS.

STIR, short tau inverted recovery sequence; MM, multiple myeloma; SMM, smoldering multiple myeloma; BM, bone marrow; OR, odds ratio; Cl, confidence interval; IBI, intensity of bone involvement; OS, overall survival; PFS, progres-
sion-free survival; MTV, metabolic tumour volume; TLG, total lesion glycolysis; VNCa, virtual noncalcium; AUC, area under the curve.
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Multiple
X-Ray | nveloma

Figure 1. The applications of imaging techniques and artificial intelligence (Al) in
quantitative evaluation of multiple myeloma (MM). Created with BioRender.com.

them based on disease progression, and implementing
appropriate management strategies and treatment plans.
For example, a study found that 10 of 100 patients only
had WBLDCT diagnostic criteria and did not have CRAB
criteria or defined events for myeloma [26]. Because early
treatment can significantly improve the prognosis of MM,
WBLDCT identification of early patients plays a crucial
role in the management and treatment decisions of such
patients. Additionally, WBLDCT has shown greater effec-
tiveness than conventional plain radiography in evaluat-
ing the extent of MM involvement because it can detect
both bone-destructive and extraosseous lesions. Horger
et al. [27] emphasized the effectiveness of multidetec-
tor WBLDCT in assessing bone lesions associated with
myeloma in their research study. The method demonstrat-
ed successful radiation, emphasizing the preservation of
sensitivity and image clarity. Following their investigation,
WBLDCT has become a common practice in European
institutions for managing MM. Benefits of this technology
include rapid scan times, clear images without the need
for contrast agents, radiation levels similar to WBXR, and
its utility in guiding biopsies and surgical procedures.
WBLDCT has been developed for the purpose of identify-
ing osteolytic lesions throughout the entire skeleton. With
a high level of precision, this technology does not require
contrast agents and reduces patient exposure to radia-
tion by two to three times compared to traditional CT
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scans [28]. Multiple research studies
have shown that WBLDCT is more effec-
tive than WBXR in detecting areas of
bone loss. WBLDCT offers higher sensi-
tivity and detection rates, particularly in
the back and hip regions, leading to
improved overall precision [29-33]. WBL-
. DCT primarily identifies bone destruction
6 but can also detect BM plasma cell (PC)
) infiltration in the long bones. The extent
of BMPC infiltration in long bones tends
to increase as the disease progresses.
Furthermore, the prognosis of myeloma
can vary depending on the infiltration
pattern observed in the longitudinal BM.

Three patterns of abnormalities in the
bone marrow of the appendicular skele-
ton, identified through WBLDCT, are clas-
sified as fatty, focal/scattered, and dif-
fuse [34]. The fatty pattern is chara-
cterized by uniform low-density BM with-
out any high-density lesions in the
metaphysis and diaphysis. The focal pat-
tern displays concentrated high-density
spots, whereas the scattered pattern
exhibits numerous dispersed areas of
high density against a backdrop of low-
density medullary BM in the appendicu-
lar skeleton. The scattered arrangement
is characterized by a consistent high-
density abnormality filling over 75.0% of the entire BM
area in the metaphysis and diaphysis (Figure 2A). The dif-
fuse pattern is associated with the poorest prognosis
among these patterns, with the focal and fatty patterns
following closely behind [34]. A study in 2017 by Hillen-
gass et al. [29] compared the sensitivity and prognostic
significance of WBLDCT and CSS, with the support of the
IMWG, in detecting skeletal lesions. Additionally, they
explored how the presence of additional lesions identified
by WBLDCT relates to the prognosis for individuals with
smoldering multiple myeloma (SMM) and MM. In the
research, it was discovered that 25.5% of individuals
exhibited a negative CSS but a positive WBLDCT for
osteolytic lesions (P < 0.0001), suggesting that WBLDCT
is now the preferred method for identifying osteolytic
lesions in MM. Abnormal medullary lesions also play a sig-
nificant role in predicting prognosis. Previous studies
have shown that patients with SMM and abnormal medul-
lary lesions have a lower overall survival (Figure 2B).

Skeletal surveys and WBLDCT are primarily used to de-
tect osteolytic lesions, which can complicate the assess-
ment of diffuse infiltrates and focal lesions in the trabecu-
lar bone’s BM since they are not specifically examined.
Moreover, the CSS method is time-consuming and re-
quires patients to assume multiple positions. Performing
WBXR is challenging due to the limited mobility caused by
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Table 2. Advantages and limitations of imaging and artificial intelligence in multiple myeloma

Techniques Advantages Limitations

WBXR Can identify lytic bone lesions. Low detection rates may lead to potential delays in diagnosis
and treatment.
Inconvenient for elderly patients.

CSS Evaluation of bone structures. Bone lesion detection is easily interfered with, time-consum-

ing, and requires frequent changes in body position.

CT WBLDCT Higher detection rates than WBXR. Evaluate both osteolytic and extramedullary lesions. Evaluating diffuse infiltrates and focal lesions within the BM of
Compared to MRI, CT scans are more sen- High accuracy, no need for contrast agents, and low radiation dose. the trabecular bone can be challenging.
sitive in evaluating osteolytic bone lesions. Detection of plasma cell infiltration in the long bones’ BM.

DECT Supine position and short acquisition DECT with calcium-subtracted attenuation maps allows for quantify- The distribution of myeloma-associated plasma cells in bone is
time. ing BM infiltration levels. challenging to accurately assess because of its heterogeneous
nature.

MRI DWI Standard method to detect BM infiltration; High significance lies in the qualitative evaluation of lesions, the Limited imaging range, low specificity, extended duration,
Higher sensitivity to invasive diseases high reliability of diagnosing focal lesions, and the improved defini-  exorbitant cost, and contraindicated for patients with metallic
compared to standard CT. tion of diffuse MRI patterns. implants.

WBMRI Fat quantification potential is valuable for detecting lesions and
assessing response.
DCE-MRI Evaluating a large amount of BM while reducing sampling bias from

PET/CT *®F-FDG-PET/CT

Al

trephine biopsies is essential.

Distinguish between active and inactive disease.

Analysis in PET/CT images quantifies metabolic activity, providing a comprehensive evaluation of BM intensity.

Efficient and quantitative.

The differentiation between MM and lytic metastases.

False-negative and false-positive results.
High blood sugar or recent use of high-dose steroids may
result in false negatives.

Further research is needed to determine the diagnostic for
MM; Data mutability is a significant issue; Lack of interopera-
ble and standardized data analysis systems, the performance
of Al models requires enhancement.

WBXR, whole-body X-ray; CSS, conventional skeletal survey; WBLDCT, whole body low-dose computed tomography; DECT, dual energy CT, MRI, magnetic resonance imaging; DWI, diffusion-weighted imaging; DCE, dynamic contrast-
enhanced; PET, positron-emission tomography; Al, artificial intelligence; BM, bone marrow.
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Figure 2. Prediction of cancer spread in bones of the limbs using WBLDCT. (A) Abnormalities in the appendicular skeleton in WBLDCT
are categorized as: (a) fatty pattern, (b) focal pattern, and (c) diffuse pattern. Reproduced from ref [34], with permission from Elsevier,
copyright 2018. (B) OS of symptomatic MM patients with or without abnormal medullary lesions. Reproduced from ref [35], with permis-
sion from Nature Publishing Group, copyright 2015. BM, bone marrow; OS, overall survival.

pain or fragility, especially in elderly in-
dividuals with myeloma. On the other
hand, WBLDCT provides a more conve-
nient option for these individuals. It is
performed while lying down and has a
quicker scanning time. Consequently, the
2019 IMWG imaging guidelines currently
recommend WBCT as the initial diagnos-
tic test for suspected myeloma [25].

Dual-energy CT (DECT)

20 St DECT provides important information
200 . 084 about the physical characteristics of tis-
) sues and can differentiate between tis-
sues with similar absorption rates in
traditional single-energy imaging [36]
(Figure 3A). Although the IMWG guide-
lines do not currently endorse the use of
. CT attenuation assessment for diagno-

- sis, DECT with the creation of calcium-
3T subtracted attenuation maps offers an

_.’_;'- :25 opportunity to measure the extent of BM

asol Tt _ i 00 infiltration. Prior research [37-42] on
normal BM infiltrated BM  normal BM infiltrated BM 0.0 0.2 04 06 08 1.0 . . .

Dual-Energy CT Standard CT myeloma patients using DECT has mainly

1-specificity

focused on identifying specific areas of
Figure 3. Anticipating the presence of BM infiltration using dual-energy VNCa images. concern in bone lesions that are corre-
A. The cross-sectional image of the pelvic region in an individual with progressing lated with MRI, as well as particular ver-
serologic myeloma. The DECT image with color-coding reveals two distinct lesions S .
(indicated by arrows) highlighted in green, surrounded by normal marrow in blue. B. tebrae or regions in t_he pelvis. Research
Scatterplots display the average CT values obtained from dual-energy VNCa images has shown a correlation between the le-
and weighted-average standard CT images for both infiltrated and normal bone mar- vel of plasma cell infiltration in the bone
row. A significant increase in CT values (P < 0.001) is observed on dual-energy VNCa marrow and the calcium-subtracted at-
images for infiltrated BM. C. ROC curves are used to distinguish between infiltrated tenuation of the entire skeleton (Figure
and normal BM. The AUC using DE values obtained from VNCa images is 0.978. The 3B, 3C). An objective measure of marrow
AUC using standard CT numbers is 0.734. Reproduced from ref [38], with permission o ) . ) - . -
from Elsevier, copyright 2018. VNCa, virtual non-calcium; BM, bone marrow; AUC, involvement is provided, potentially aid-
area under the curve; ROC, receiver operating characteristic. ing in the early detection of the disease.
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It is crucial to recognize that DECT analysis may not com-
pletely capture the varied distribution of plasma cells in
the bone, as it focuses on a specific area rather than the
entire bone. Currently, MRI is considered more effective
than CT in assessing BM infiltration in MM, especially for
infiltrative conditions. This has been highlighted in various
studies [40]. DECT serves as an alternative for patients
who are unable to undergo whole-body MRI.

Magnetic resonance imaging (MRI)

The IMWG now recoghizes MRI as a key tool in diagnosing
MM, alongside other indicators such as bone marrow
plasma cells and serum-free light chain ratio. For patients
with SMM at risk of progressing to MM, multiple focal
lesions on MRI are necessary for a definitive diagnosis
[43, 44]. MRI analyzes tissue composition without radia-
tion, accurately detecting bone marrow invasion by myelo-
ma cells. DWI and ADC measurements help differentiate
tissues based on water and fat levels, with certain condi-
tions exhibiting strong signals on imaging. Healthy indi-
viduals or those on certain medications may have differ-
ent MRI results compared to those with normal BM. MRI
typically shows MM lesions as having a lower signal in
T1-weighted images and a higher signal in T2-weighted
images. These lesions also exhibit fat suppression in
opposed-phase imaging and increased contrast in T1-
weighted sequences [43]. To assess the signal strength
of a focal lesion, the intervertebral disc is often used as a
reference, with a minimum diameter of 5 mm used to
define the lesion. MM has five distinct MRI patterns for
marrow involvement: normal, focal, diffuse, combined
focal and diffuse, and ‘salt and pepper’ [45, 46] (Figure
4A). The infiltration patterns of BM have predictive signifi-
cance in newly diagnosed MM. The presence of more
than seven focal lesions and homogeneous diffuse infil-
tration has been associated with a negative impact on
survival [47]. However, the diffuse pattern can sometimes
be challenging to interpret due to varying imaging fea-
tures depending on the extent of infiltration. Therefore,
DWI could be beneficial in that aspect.

Diffusion-weighted imaging (DWI)

DWI is an advanced MRI technique that analyzes the dif-
fusion of water molecules in tissue [48]. It identifies
regions of high cell density (restricted movement) in con-
trast to low cell density and/or enhanced microcirculation
(increased movement) without the requirement of a con-
trast agent. Semi-quantitative parameters, such as the
apparent diffusion coefficient (ADC), are used to assess
the level of cellularity. Previous studies [49-55] have
found significant differences in ADC values between
myeloma-invaded bone marrow and healthy marrow, indi-
cating that ADC can also be used as a prognostic indica-
tor for patients (Figure 4B, 4C).

DWI emerges as a robust technique with promising po-
tential for assessing MM patients. Firstly, DWI enhances
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lesion visibility through qualitative evaluation and can fur-
ther improve diagnostic certainty for focal lesions by utiliz-
ing ADC measurements. Furthermore, DWI can help pro-
vide a more accurate depiction of the widespread MRI
pattern observed in MM. However, the scattered arrange-
ment, as opposed to the concentrated arrangement, has
not been included in the revised guidelines for identifying
symptomatic myeloma [43].

Whole body MRI (WBMRI)

Recent advancements in radiofrequency (RF) technology
have led to the integration of WBMRI into clinical practice.
This achievement has been made possible through the
utilization of high-density phased array coils that cover
extensive anatomical regions, ensuring a satisfactory sig-
nal-to-noise ratio [43]. WBDWI, a diffusion-weighted imag-
ing called DWIBS, enables a comprehensive qualitative
evaluation of disease burden in MM by identifying areas
of high signal intensity on high b-value images. Quan-
titative studies [56-58] involving WBDWI often include
calculating the total disease burden and analyzing the
ADC of the bone marrow throughout the entire skeleton
using segmentation methods to monitor treatment re-
sponse [59]. Additionally, Dixon sequences, which rapidly
generate four different images (in-phase, opposed phase,
fat only, water only), are increasingly being incorporated
into WBMRI protocols for MM. These sequences hold
great potential for both lesion detection and response
assessment, particularly due to their ability for fat quanti-
fication [60, 61].

Dynamic contrast-enhanced (DCE)-MRI

DCE-MRI has been used to assess perfusion in various
anatomical regions, including the BM [43]. Typically, this
procedure involves obtaining T1-weighted images dynami-
cally before, during, and after injecting a paramagnetic
contrast agent. The variations in signal strength in each
pixel within the region under examination provide tissue-
specific details related to vascular health. The most basic
method, which does not involve numerical measure-
ments, is to visually examine the shapes of the time-sig-
nal intensity curves (TICs) and categorize them into pre-
determined tissue-specific categories [62]. Evaluating a
significant amount of bone marrow surpasses the sam-
pling bias of trephine biopsies, offering a distinct advan-
tage. The potential of DCE-MRI as a valuable clinical tool
for treating plasma cell tumor patients is still uncertain,
especially with the increasing popularity of DWI and
WBDWI. Both DWI and WBDW!I are non-invasive and safe
alternatives that do not require intravenous contrast
agents. MRI, including DWI, WBMRI, and DCE-MRI, has
been increasingly used in patients with plasma cell neo-
plasms. Increasing evidence (Table 1) suggests that addi-
tional functional details related to tumor cellularity and
angiogenesis could assist in diagnosing marrow infiltra-
tion and potentially predicting outcomes for patients with
SMM and MM. Nevertheless, MRI has drawbacks such as
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Figure 4. The ADC value of DWI predicts BM infiltration and prognosis. A. The diffuse salt-and-pepper pattern on axial DWI of the sacrum.
a. Pre-treatment axial ADC map. b. Pre-treatment coronal inverted DWI. c. Post-treatment axial ADC map. d. Post-treatment coronal in-
verted DWI. The arrows point to the identical scattered lesion pattern in every image, along with the average ADC value displayed on the
ADC maps. B. Boxplot illustrates the difference in the distribution of AADC percentage between responders and non-responders based
on focal and diffuse patterns. The findings showed a significant increase in ADC among individuals who responded to treatment for spe-
cific lesions (odds ratio = 16.2, 95% Cl: 3.87-67.4, P = 0.0001). Reproduced from ref [53], with permission from Elsevier, copyright 2017.
C. Comparison of OS in patients with different ADC values. The unit of ADC value is 10 mm?/s. Reproduced from ref [54], with permssion
from Frontiers Media SA, copyright 2022. ADC, apparent diffusion coefficient; OS, overall survival.

extended scan duration, expensive price, restrictions for
individuals with metal implants, challenges in imaging
patients with claustrophobia, and limited scan coverage.

Positron-emission tomography/comput-
ed tomography (PET/CT)

PET/CT is a diagnostic procedure that uses radiolabeled
18F-FDG to enable a comprehensive assessment of tumor
morphology and functionality [63]. It has reported sensi-
tivity and specificity in detecting bone lesions ranging
between 80% and 100% [64, 65]. By combining CT imag-
ing with *8F-FDG, this method provides valuable informa-
tion on hematologic malighancies such as myeloma [47]
and lymphoma [66], as well as other types of cancer. PET/
CT has a significant benefit in distinguishing between
active and inactive diseases, which is essential for imag-
ing purposes. Moreover, the incorporation of LDCT in com-
bination with FDG-PET improves the accuracy of detecting
bone and extramedullary abnormalities, thereby enhanc-
ing its diagnostic precision [15]. Research comparing
whole-body MRI and PET/CT has shown similar sensitivity
in identifying focal lesions (FLs), with MRI being more sen-
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sitive but less specific in detecting lesions. However,
PET/CT has shown an advantage in detecting treatment
response earlier than MRI. Persistent lesions following
treatment can be challenging to assess because suc-
cessfully treated lesions may show increased signal in-
tensity on certain imaging sequences [67, 68]. The impor-
tance of PET-positive lesions in predicting outcomes has
been emphasized in multiple studies, both at the time of
first diagnosis and during recurrence [69].

Studies employing numerical analysis have assessed the
predictive value of FDG measurements in determining
the overall survival (OS) or progression-free survival (PFS)
in individuals diagnosed with multiple myeloma (MM).
Metabolic tumor volume (MTV), total lesion glycolysis
(TLG), and Intensity of Bone Involvement (IBI) are among
the primary FDG parameters that are typically analyzed.
MTV and TLG (Figure 5A) have been recognized as signifi-
cant predictors of outcomes in untreated MM patients in
real-world settings [70]. High levels of SUVmax, SUVmean,
MTV, TLG, and FL in MM patients who do not receive
autologous stem cell transplantation (ASCT) have been
linked to poorer OS rates [71]. MTV and TLG have been
proposed as potential metabolic measures for assessing
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Figure 5. Prognosis prediction of MM patients by MTV and TLG. A. Calculating MTV and TLG from PET/CT images can be done in the fol-
lowing manner. a. The patient’s MIP image shows numerous focal lesions. b, c. Lesions of interest were chosen and those with SUV > 2.5
were highlighted in red. d. The sum of all red regions represents the total MTV. e. The TLG was determined by multiplying the SUVmean
by the total MTV and summing the products. B. PFS and OS assessed by MTV using Kaplan-Meier estimation. C. PFS and OS assessed
by TLG using Kaplan-Meier estimation. Reproduced from ref [74], with permission from Elsevier, copyright 2020. MIP, maximum intensity
projection; PFS, progression-free survival; OS, overall survival; MTV, metabolic tumour volume; TLG, total lesion glycolysis.

tumor load and forecasting outcomes in MM [72-74]
(Figure 5B, 5C).

There are also studies that evaluate the relationship
between other quantitative FDG parameters and the
prognosis of MM. Takahashi et al. [75, 76] proposed a
quantitative method for bone and BM evaluation using
18F-FDG PET/CT, taking into account the extent and inten-
sity of bone 8F-FDG uptake, termed Intensity of Bone
Involvement (IBI). IBI was defined by multiplying PBI by
the mean Standardized Uptake Value (SUV) above hepatic
uptake. They found that PET remission was related to
AIBI < O (median =-0.10; -1.27 to +0.03), while PET pro-
gression was related to AIBI > O (median = 0.02; -0.07 to
+0.29). They concluded that Delta IBI provides quantita-
tive data for variations in *F-FDG uptake in the bone mar-
row during the follow-up of the patients. Higher IBI values
at diagnosis are associated with an increased risk of
patient mortality. In the diagnostic process and progno-
sis, PET/CT has numerous advantages. When it comes to
evaluating bone (osteolytic) lesions in myeloma, WBLDCT
and WBMRI are still the preferred choices. Nevertheless,
experts from the American Roentgen Ray Society recom-
mend PET/CT over axial MRI due to its ability to assess
extramedullary solitary plasmacytomas when WBMRI is
not accessible [77]. It is worth mentioning that *¥F-FDG-
PET/CT is widely regarded as the preferred imaging tech-
nique for assessing and monitoring metabolic response
to therapy [78]. Nevertheless, it is important to note that
false-negative and false-positive results can occur with
the use of FDG-PET/CT. Specifically, false-negative scans
may be attributed to hyperglycemia or recent administra-
tion of high-dose steroids, which can lead to temporary
metabolic suppression. Additionally, the wide availability
of 18F-FDG-PET/CT can be seen as a potential drawback.

Artificial intelligence (Al)

Al encompasses a range of tools and algorithms that aim
to replicate human intelligence through computational
means. Al in healthcare employs a variety of algorithms
from machine learning and deep learning to automate
tasks, leading to significant advancements. Machine
learning and deep learning are closely associated with
the radiomics process, which is a novel application of
artificial intelligence in evaluating diseases for diagno-
sis, prognosis, and treatment assessment (Table 3).
Radiomics relies on pattern recognition to extract quanti-
tative descriptors from imaging data, typically acquired
through structural modalities. These descriptors are then
utilized in computational algorithms based on Al for pre-
dictive purposes [79-81]. Al is now being applied in the
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medical field not only for clinical studies, but also for clini-
cal treatments of tumors [82-84]. Deep learning, a branch
of machine learning, is influenced by the structure of the
brain and utilizes artificial neural networks (ANN). It has
emerged as the preferred method for automated image
analysis [85]. Unsupervised machine learning involves no
provided information, while supervised machine learning
trains methods using existing data. Machine learning pro-
vides opportunities for creating analysis tools for CT, PET/
CT, and MRI, which could improve or substitute existing
evaluation techniques for these types of medical imaging
[86].

Relevant research

Computerized tumor diagnosis is a critical aspect of medi-
cal Al applications. Several conventional machine learn-
ing methods, including random forests (RFs), k-nearest
neighbors (kNNs), support vector machines (SVM), and
artificial neural networks (ANNs), have been employed for
the computational detection of MM. Nevertheless, spe-
cific constraints exist in the imaging assessment of MM
that may affect the accuracy of the findings. Neverthe-
less, the integration of Al can enhance the sensitivity of
individual imaging examinations. For instance, the inter-
pretation of PET/CT scans may be affected by the varying
patterns of BM infiltration, leading to reduced inter-
observer reproducibility. A new study introduced a state-
of-the-art three-dimensional deep learning tool for auto-
matically evaluating the level of BM metabolism in MM
patients through PET/CT scans. The tool showcased the
possibility of segmenting BM and computing MTV and
TLG for all patients [87] (Figure 6A). Moreover, a strong
positive relationship (P < 0.05) was found between the
visual examination of PET/CT images and the values of
MTV and TLG calculated using each of the six ®F-FDG
uptake thresholds. Identifying lithic bone lesions is essen-
tial for diagnosing, predicting outcomes, and choosing
treatments for patients with MM [16]. Imaging techniqu-
es, including CT [88, 89], MRI [90, 91], *¥*F-FDG PET [87,
92], and the utilization of a targeted PET tracer known as
88Ga-Pentixafor [93], are utilized in machine learning or
deep learning approaches for MM. These techniques are
essential for determining the disease stage and evaluat-
ing therapy response.

Furthermore, recent advancements in deep learning have
introduced various techniques such as multi-layer per-
ceptron (MLP), recurrent neural networks (RNNs), and
convolutional neural networks (CNNs). MLP is a type of
neural network that organizes neurons into sequential
layers, allowing information to flow in one direction. This
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Table 3. Summary of studies using artificial intelligence to quantitatively assess multiple myeloma

. ) Cohort _. .
Aim Imaging . Findings Reference
sSize
Machine learning or deep learning
Segmentation effects of deep learning-based models on CT images CT N =186 Deep learning is suggested in the segmentation and classification of CT images for Wang et al.
for myeloma. myeloma, which can lift the detection accuracy. [88]
Prognostic value of the sarcopenia. CT N =322 Sarcopenia identified by a machine learning-based convolutional neural network algo- Nandakumar
rithm significantly affects OS in patients with MM. et al. [89]
The clinical utility of a phantom-based convolutional neural network WBLDCT N =10 The phantom-based convolutional neural network noise reduction framework can im- Huber et al.
noise reduction framework for WBLDCT skeletal surveys. prove visualization of critical structures within CT skeletal surveys. [98]
Develop a deep learning algorithm and determine its performance  WBLDCT N =40 Unetand “You Look Only Once” (YOLO) models were used as bone segmentation and Faghani et al.
at detecting lytic lesions. lesion detection algorithms, detects lytic bone lesions of MM on WBLDCTs with high [139]
performance.
Improve VNCa image quality for the assessment of focal MM, using DECT N=5  AGATE demonstrated reduced noise and artifacts in VNCa images and ability to improve  Gong et al.
an AGATE method. visualization of BM lesions for assessing MM. [140]
Validate a novel three-dimensional deep learning-based tool on PET/  8F-FDG PET/ N =35 BM segmentation and calculation of MTV and TLG after the application of the deep Sachpekidis
CT images for automated assessment of the intensity of BM metabo- CT learning tool were feasible. A significant positive correlation (P < 0.05) was observed be- et al. [87]
lism in MM. tween the results of the visual analysis of the PET/CT scans for the three patient groups

and the MTV and TLG values after the employment of all six 8F-FDG uptake thresholds.
Deep learning methods to automatically combine characteristics of %8Ga-Pentixafor N =12 Deep learning method can leverage multimodal information for spatial feature represen- Xu et al. [93]

PET and CT for whole-body MM bone lesion detection in a 3D manner. PET/CT tation, and W-Net obtained the best result for segmentation and lesion detection.
Establish an automated framework to predict local BM biopsy MRI N =512 The automated image analysis framework allows for noninvasive prediction of a surro- Wennmann
results from MRI. gate parameter for PCI, which is significantly correlated to the actual PCI from BM biopsy. et al. [99]
Differential diagnosis of MM, and different tumor metastasis le- MRI N =107 Machine learning-based classifiers showed a satisfactory performance in differentiating  Xiong et al.
sions of the lumbar vertebra using machine learning. MM lesions from those of tumor metastasis. [90]
Discriminating MRD status in MM based on MRI and identify MRI N =83 The linear SVM achieved the best performance compared to other classifiers, with AUCs  Xiong et al.
optimal machine learning methods to optimise the clinical treatment of 0.811 and 0.708. The linear SVM-based machine learning method can offer a non- [91]
regimen. invasive tool for discriminating MRD status in MM.
Use machine learning methods to explore OS-related prognostic / N =338 Deep learning can be used to predict OS in MM. C-indexes of 0.769, 0.780, 0.785, Bao et al.
factors. 0.798 and IBS score of 0.142, 0.112, 0.108, 0.099 were obtained from the CPH model, [141]
DeepSurv, DeepHit, and the RSF model.
Enhance the detection rate and execute an early and more precise / N = 4187 The model established by Al derived from routine laboratory results can accurately diag- Yan et al.
disease management. nose MM, which can boost the rate of early diagnosis. [142]
Develop a computer-assisted method based on PET quantitative PET N =66 (VIMP + RSF) provides better results (C-index of 0.36) than conventional methods such Morvan et al.
image features to assist diagnoses and treatment decisions for MM. as Lasso-Cox and gradient-boosting Cox (0.48 and 0.56). [143]
Radiomics analysis
Using radiomics analysis to detect MM infiltration of the BM on CT  CT N =104 The AUC of the radiomics model was not significantly different from those of the radiolo- Park et al.
scans of patients with osteopenia. gists (P = 0.056-0.821). [101]
Prediction in MM patients undergoing autologous transplantation.  CT N =84 Al-based interpretation of radiomics features stratified relapsed and non-relapsed MM Schenone et
patients. al. [102]
Prediction of OS in MM using MRI-based BM radiomics. MRI N =121 The MRI-based BM radiomics may be useful for MM OS prediction. The radiomics signa- Li et al. [103]
ture, 1921 gain, del (17p), and B2-MG > 5.5 mg/L showed significant association with
MM OS.
Identify significant radiomics features based on MRI and establish ~ MRI N =95 MRI-based radiomics had the potential to guide clinicians in MM management (AUC: Li et al. [104]
effective models for predicting the response to bortezomib-based 0.84-0.896 in the training set, 0.801-0.885 in the validation set).
regimens.
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Establish a vertebral MRI-based radiomics model that could dif-
ferentiate MM from metastases and compare the model performance
with different features number.

Investigate the feasibility of predicting HRCAs using a spinal MRI-
based radiomics method.

Develop and test an MRI-based radiomics model for predicting an
HRC status in MM.

Implement a concept for automatic, comprehensive characteriza-
tion of the BM from WBMRI.

Train and test an algorithm for automatic pelvic bm analysis from
whole-body ADC maps in MM.

Explore the clinical utility of spinal MRI-based radiomics to predict
treatment response in MM.

Develop a radiomics nomogram based on MRI of the lumbar spine
to detect MRD after MM treatment.

Develop an MRI-based radiomics nomogram for the differentiation
of spinal metastasis and MM.

Develop a PET/CT radiomics-based model that could improve the
diagnosis of multiple myeloma diffuse disease on *¥F-FDG PET/CT.

Identify spine MM using radiomics models.

Prognostic value of radiomics features extracted from 8F-FDG-PET/
CT images and integrated with clinical characteristics and conven-
tional PET/CT metrics.

Prognosis of MM using radiomics data.

MRI

MRI

MRI

MRI

MRI

MRI

MRI

MRI

1F_FDG PET/
cT
1F_FDG PET/
cT

1F_FDG PET/
cT

15F.FDG PET/
cT

N =241
N =248
N =89
N =102
N =54
N =123
N =130
N =312
N =30
N=131
N =98
/

The AUCs of 20EPV-Model, 15EPV-Model, and CSF-Model (AUC = 0.71, 0.81, and 0.78)  Liu et al.
were poor than 10EPV-Model (AUC = 0.84, P < 0.001). [105]

Comparable AUC values were observed between the radiomics model and the combined Liu et al.
model in validation cohorts (AUC: 0.863 vs. 0.870, respectively, P = 0.206). [106]

Radiomics features based on two-sequence MRI showed good performance in differenti- Liu et al.

ating HRC and non-HRC statuses in MM.

[107]

This pilot study demonstrates the feasibility of automatic, objective, comprehensive BM  Wennmann
characterization from WBMRI in multicentric data sets. et al. [108]

U-Net was trained that can automatically segment pelvic bm from whole-body ADC maps Wennmann
in multicentric data sets with a quality comparable to manual segmentations. et al. [109]

Nomograms incorporating MRI-based radiomic signature and ISS stage help predict the  Wu et al.

response to chemotherapy for MM.

[110]

The lumbar MRI-based radiomics nomogram can help detect MRD status in MM patients Wu et al.

after treatment.

[111]

The AUC values of the radiomics nomogram (0.853 and 0.762, respectively) were sig- Zhang et al.
nificantly higher than that of the clinical factor model (0.692 and 0.540, respectively) in  [112]

both validation (P = 0.048) and external test (P < 0.001) sets.

AUC of 0.90 (95% ClI, 0.89-0.91). Radiomics analysis of F-FDG PET/CT images with Mesguich et
machine-learning overcame the limitations of visual analysis. al. [92]

Satisfactory performance of the three radiomics models was achieved in both the train-  Jin et al.

ing and the validation groups (Training: AUC: CT: 0.909, PET: 0.949, ComModel: 0.973; [113]
Validation: AUC: CT: 0.897, PET: 0.929, ComModel: 0.948).

AUC 0.761, sensitivity 56.7%, specificity 85.7%, P < 0.05 in training cohort and AUC Ni et al. [114]
0.650, sensitivity 80.0%, specificity 78.6%, P < 0.05 in validation cohort. Radiomics fea-

tures combined with clinical characteristic may provide clinical value for MM prognosis

prediction.

18F-FDG PET/CT based radiomics models implemented with machine learning algorithms Zhong et al.

can improve the progress prediction.

[115]

MM, multiple myeloma; BM, bone marrow; OR, odds ratio; Cl, confidence interval; OS, overall survival; PFS, progression-free survival; MTV, metabolic tumour volume; TLG, total lesion glycolysis; VNCa, virtual noncalcium; AUC, area
under the curve; MRD, minimal residual disease; SVM, support vector machine; HRCAs, high-risk cytogenetic abnormalities; AGATE, artificial intelligence based generalizable algorithm for multi-energy CT.
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Al-Approach 3

Al-Approach 4

Al-Approach 5

Al-Approach 6

A
ME.FDG PET MIP Al-Approach 1 Al-Approach 2
Total MTV: 192 mL Total MTV: 25 mL
Tolal TLG: 524 g Tolal TLG: B2 g
B

1 Images acquisition and
reconstruction

Total MTV: 11 mL
Total TLG: 30 g

2 Lesion segmentation
and features extraction

Total MTV: 110 mL
Total T\G: 327 ¢

Total MTV: 112 mL
Tolal TIG: 333 g

Totel MTV: A mL
TowalTG:18¢

3 Data Base creation

Figure 6. The application of Al in the calculation of MTV and TLG and the radiomics flowchart. A. An illustration of utilizing the Al-powered
software tools to calculate the overall MTV and TLG showing significant widespread BM #F-FDG uptake. Reproduced from ref [87], with
permission from Springer Nature, copyright 2023. B. Radiomics flowchart. The initial stage involved obtaining and reconstructing im-
ages. Following the adjustment of the image, the next stage involves segmenting and extracting features. Finally, data is organized and
collected before analysis. Reproduced from ref [100], with permission from Elsevier, copyright 2020. MTV, metabolic tumour volume;

TLG, total lesion glycolysis; BM, bone marrow.

architecture utilizes backpropagation to facilitate learn-
ing. However, MLPs are susceptible to overfitting, which
can hinder their performance [94]. On the other hand,
RNNs are particularly useful for studying sequential data,
such as DNA sequences. CNNs can acquire invariant
characteristics and detect spatial relationships in image
data [95, 96]. They employ ranked hierarchies, where the
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distribution of inputs changes during the learning process
[97]. In the field of MM research, the clinical feasibility of
CNNs based on WBLDCT [98] and MRI [99] bone investi-
gations was evaluated. These deep learning techniques
have shown the potential to outperform traditional ma-
chine learning systems. Xu and colleagues [93] utilized
deep learning techniques to automatically integrate fea-
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tures from %8Ga-Pentixafor PET/CT images for the detec-
tion of bone lesions in MM throughout the entire body in
a three-dimensional manner. Lesion segmentation and
detection were performed using two CNNs, namely V-Net
and W-Net. The study indicated that the utilization of deep
learning techniques can be highly advantageous in har-
nessing multimodal data for spatial feature representa-
tion, with W-Net surpassing traditional machine learning
systems such as SVM, RF, and k-NN.

Another application of Al, radiomics, has shown promising
prospects in diagnosing MM and distinguishing it from
lytic metastases. Radiomics and machine learning meth-
ods can be utilized in MM patients to predict outcomes
using various imaging techniques such as CT, MRI, and
PET. Nearly half of the radiomics studies have utilized
MRI. CT radiomics may detect changes in bone trabecular
structure [101, 102], whereas MRI radiomics can provide
information on the composition of bone marrow tissue
[103-112]. Radiomics based on PET can analyze the
activity of MM lesions and determine how they are affect-
ed by treatment [92, 113-115]. By combining various
imaging data, radiomics provides a comprehensive view
of MM lesions, enabling the detection of distinct patterns
and features in bones affected by MM that can effectively
differentiate them from lytic metastases. The Al-based
radiomics process typically involves three steps (Figure
6B), and initial findings from this approach demonstrate
that Al can identify image properties that are largely asso-
ciated with disease progression. Radiomics characteris-
tics provide a comprehensive, quantitative evaluation of
tumor features, enhancing diagnostic accuracy and po-
tentially uncovering new imaging markers for MM [116].
However, despite the utilization of advanced techniques,
detecting and characterizing bone alterations in MM
remains a challenging task. Hybrid imaging techniques
are particularly prone to inaccuracies when identifying
small lesions. The limited use of radiomics in MM is main-
ly due to the characteristics of the lesions. These lesions
are scattered throughout the bone marrow, which poses a
significant challenge in accurately segmenting the entire
tumor burden. This is further complicated by the uneven
distribution of lesions across the skeleton [117] and the
spatial heterogeneity of associated mutations [118]. The
technology that can automatically segment a large num-
ber of focal lesions and extensive diffuse infiltrations
helps reduce labor and is more reliable.

Challenges and prospects

The application of artificial intelligence in MM imaging is
still in its early stages, and most radiomics methods
require segmentation of the structures to be analyzed,
which is time-consuming. Its usability in clinical settings
still needs to be demonstrated [119]. Furthermore, dif-
ferences exist in the research approaches of radiomics,
and challenges persist in reproducibility, data sharing,
and standardization of radiomic features, hindering their
integration into clinical practice. The primary costs involve
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enhancing the performance of Al models, bolstering the
computing power of the technology infrastructure, and
optimizing automatic bone marrow segmentation tech-
niques, all of which demand substantial investment in
manpower and resources. However, the benefits of clini-
cal deployment of Al are substantial. Al can automatically
detect all MM lesions within the body and aid radiologists
in image interpretation, thereby saving time and minimiz-
ing the risk of errors. Additionally, it offers disease risk
assessments and tailored treatment strategies [120].
Controversies persist in the realm of medical ethics con-
cerning Al. To protect the rights of relevant individuals
from infringement, Al systems must incorporate algorith-
mic procedures and advanced detection technologies
[121]. Implementing Al requires educating healthcare pro-
fessionals on relevant knowledge and providing them with
necessary skills training, along with refining the associat-
ed measures [122].

Potential solutions for the future translation of radiomics
research into clinical practice include methods such as
atlas-based semi-automatic segmentation of DWI and the
integration of deep learning applications with radiomics
[109, 123, 124]. Moreover, combining radiomics with
genomics, proteomics, and metabolomics data shows
the potential in providing a comprehensive understand-
ing of MM. This merging may reveal complex connections
between imaging characteristics and the fundamental
molecular processes that drive the progression of
diseases.

Conclusion

MM is a complex plasma cell disease with varying charac-
teristics that can be challenging to diagnose due to its
progression from a pre-malignant stage. Advancements
in treatment have improved patient outcomes, leading to
updated diagnostic criteria by the IMWG in 2014. The
identification of biomarkers that effectively predict
patients at high risk of developing active disease, along
with advancements in laboratory and imaging techniques,
also drove the development. It is crucial to recognize that
traditional imaging techniques often result in significant
discrepancies in image analysis, particularly in identifying
minor lytic lesions. These lesions, highlighted in the imag-
es, are susceptible to being mistaken for degenerative
bone lesions. To address this issue, the utilization of
semi-quantitative or quantitative parameters to assess
MM has proven to be more accurate and essential for
both diagnosis and prognosis prediction. Whole-body low-
dose CT, whole-body MRI, and PET-CT are crucial imaging
methods for accurately diagnosing multiple myeloma and
assessing the disease’s overall condition. Al shows great
potential in MM diagnosis by distinguishing between MM
and lytic metastases.

Several issues still need to be discussed. Firstly, DWI has
the potential to contribute to a more precise characteriza-
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tion of the diffuse MRI pattern in MM. The diffuse pattern,
unlike the focal pattern, is not included in the revised
diagnostic criteria for symptomatic myeloma. It may be
worth considering including diffuse patterns in the most
recent diagnostic criteria for symptomatic myeloma in the
future. It is important to note that PET/CT is not the pri-
mary technique for evaluating bone (osteolytic) lesions
in myeloma. It is crucial to consider methods to minimize
the incidence of false-negative and false-positive results.
Evaluation protocols for PET/CT and WB-MRI have been
recently established by researchers; however, their prog-
nostic value outside of clinical trials is still unknown. The
lack of clarity could be attributed in part to the intricate
management of multiple myeloma, which relies on the
use of ASCT, the intensity and duration of therapy, and the
susceptibility of the individual [125, 126]. Significant dif-
ferences persist in the selection of imaging techniques for
assessing individuals with multiple myeloma, accompa-
nied by inconsistencies in image interpretation, which hin-
ders reaching a consensus. As a result, the full potential
of medical imaging in individuals with multiple myeloma
has not been fully realized.

Traditional imaging has been applied in clinical practice
for some time, and this technology is relatively mature.
However, owing to technological limitations, there is still
room for improvement in imaging accuracy. The future
direction of traditional imaging may lie in its integration
with Al. Future advancements and potential breakth-
roughs in Al for MM may be found in enhancing the repro-
ducibility of radiomic features and advancing data shar-
ing and standardization, such as interoperable and stan-
dardized MM patient data analysis systems and radiomic
practice guidelines. Currently, the majority of radiomic
methods require segmentation of the target structure, a
process that is excessively time-consuming and a signifi-
cant barrier to their clinical adoption. Automated preci-
sion segmentation technologies are crucial for clinical
applications. Currently, neural networks like ‘U-Net’ and
‘V-Net’ can perform accurate and efficient automatic seg-
mentation. The future development of such technologies
will be a key driver for expanding the clinical application of
Al in MM. The utilization of Al in nuclear medical imaging
has consistently shown improvements thus far. In the
coming years, the utilization of Al and radiomics in analyz-
ing different bone lesions and the extensive adoption of
quantitative methods for interpreting CT, MRI, and PET/CT
scans will offer fresh perspectives in the field of medical
imaging. Al is expected to significantly influence decision-
making in the future by efficiently managing routine tasks,
optimizing workflow, and allowing more time for patient
care.
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