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ABSTRACT

Multiple myeloma (MM) is a complex hematological malignancy which needs individual therapy plans to
enhance the efficiency of treatment and quality of life of patients. Although Al-based healthcare has been
developing, existing models show little attention to spatial cell organization and its possible potential in
person-tailored treatment optimization. This paper presents a new framework involving deep learning-based
segmentation of plasma cells, Minimum Spanning Tree (MST)-based graph analysis, and wavelet-based
feature selection to facilitate the accurate therapy decision-making of the MM patients. We then isolate
plasma cells by a model based on UNet that considers the SegPC-2021 dataset, and with an average
Intersection over Union (IoU) of 0.8658 and F1 score of 0.9265. After segmentation, we extract post-
segmentation, morphological, intensity and texture descriptors and construct an MST on the center of each
cell to learn about the relationship as far as spatial features are concerned. Along with the wavelet-
transformed data on clinical and genetic factors, these structural features, e.g. diameter of trees, entropy of
edges, and density of clustering, are used to settle on the most predictive biomarkers. These features are
chosen, and then the Al models, such as Random Forest and Support Vector Machines, are trained with the
selected feature set, with an accuracy of 94% and an AUC-ROC of 97%. Such an integrated model not only
enhances the level of personalization in treatment but also helps in optimizing the quality of life, as it
reduces overtreatment, allows for minimizing the drug toxicity, and improves patient stratification. The
findings are also significant and reliable, as revealed by statistical tests (paired t-tests and chi-square tests).
The suggested method proves that the implementation of the spatial topology and multiscale analysis in Al-
powered myeloma treatment can deliver clinically meaningful and understandable results. This work forms
a blueprint for precision medicine in MM with a concrete orientation toward improving patient well-being.
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Deep Learning
1. INTRODUCTION examples of new therapeutic techniques that have
greatly improved survival. However, it is still hard

Multiple myeloma (MM) is a kind of blood
cancer that causes plasma cells to grow in the bone
marrow. This may cause problems including
anemia, bone damage, kidney failure, and a
weakened immune system. MM has been on the
rise across the world, and patients who get long-
term therapy have a lot of problems with their
health and quality of life. Immunomodulatory
medicines and CAR-T cell therapy are two

to adjust treatment to the specific biology and
structural features of each tumor [1][2][4].

Current guidelines and expert advice stress the
need of individualized, risk-adjusted management
plans for both newly diagnosed and
relapsed/refractory MM. [1][2]. However, most
clinical decision-support systems use static
biomarkers and do not make good use of spatial
data from imaging or deep structural characteristics
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[5][6]. Some studies also use these insights to
enhance quality of life (QoL), which is an important
therapeutic endpoint as patient-reported outcome
trials like CARTITUDE-4 [11] have shown. This
study tries to get around these problems by
suggesting a new Al-based framework that uses
deep segmentation of plasma cells, minimal
spanning tree (MST)-based spatial feature
extraction, and wavelet transform-enhanced feature
selection. The objective is to enhance measured
quality of life outcomes by reducing overtreatment
and enhancing risk classification, while also making
individualized treatment suggestions as good as
they can be. We constructed a plasma cell
segmentation model based on UNet and trained it
using SegPC-2021 data [3][7]. Using MST to model
the spatial interactions between segmented cells to
get a better idea of the structure. Using wavelet
transform and statistical approaches to choose high-
quality features [10]. Designing Al models
(Random Forest, SVM) that use clinical and
geographical biomarkers to predict therapy and
improve quality of life [9][11]. Using patient data
with performance metrics and significance tests to
make sure that the results are clinically valid [6] [8].

2. RELATED WORK

Recent progress in treating multiple myeloma
(MM) has been focused on creating medicines that
are tailored to each patient's level of risk and
treatment plans that put the patient first. The Saudi
Myeloma Working Group has put up detailed
recommendations for patients who have just been
diagnosed or who have relapsed or are resistant to
therapy. These guidelines stress the need of tailored
treatment strategies based on cytogenetics, disease
burden, and response profiles [1][2]. These
recommendations stress how important it is to have
reliable diagnostic tools that combine -clinical,
molecular, and imaging data to help choose the best
therapy.

Machine learning (ML) and artificial intelligence
(AI) might help make MM diagnosis, staging, and
therapy Dbetter. Bansal et al. [3] Surveyed
segmentation methods for MM show that deep
learning models like UNet and Deep Lab can find
plasma cell areas in bone marrow smear pictures.
Duong et al. [7] have looked at utilizing Al to
predict sarcopenia in MM patients using a 3D
segmentation technique. This shows that spatial
information is not used enough but is very

important in clinical assessment.
Medical Al pipelines now wuse wavelet
transformations and other feature extraction

approaches to make signals clearer from biological

data that is noisy or not all the same. Malek et al.
[10] came up with feature selection approaches that
work well for making huge language pattern-based
predictions in MM. This shows that there is a wider
demand for strong dimension reduction strategies.
Also, spatial topology has become a new way to
anticipate how a disease would proceed. In
oncology, MST and other graph-based models have
been used to show how tumors are arranged in
space, but they have not been employed as much in
MM-specific cases. MST may help with illness
stratification and may make precision medicine
better by showing how cells are related to one other
and how disordered they are in space. Quality of
life (QoL) optimization is getting more focus in
treatment trials for MM. Mina et al. [11] found that
CAR-T treatment substantially improved quality of
life outcomes in the CARTITUDE-4 research. This
shows how useful prediction models that consider
patient-reported outcomes may be. Research like
Dapunt et al. [5] and De Moraes Hungria et al. [6]
show even more how important it is to build the
healthcare system and provide supporting
treatments (like exercise therapy) to improve
quality of life. This study improves on those results
by putting deep learning-based segmentation, MST-
guided spatial modeling, and wavelet-enhanced
feature selection into one Al system. Not only do
we want to be able to forecast the best treatment
options, but we also want to enhance long-term
quality of life via tailored, minimally invasive
clinical decision support.
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Fig. 1. Determinants of outcomes in multiple myeloma
(MM), including cytogenetic abnormalities, tumor
burden, gene expression profiles, proliferative
index, mutational signatures, frailty, and barriers to
healthcare access. These factors form the
foundation of risk stratification and personalized
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care planning in MM, as supported by clinical
guidelines and recent studies [1][2][4][5][6][8].

3. MATERIAL AND METHODS

3.1 System Design

The goal of the system was to form an Al-
based pipeline to predict personalised treatment of
multiple myeloma (MM). Segmentation by deep
learning, the spatial modelling using MST and the
wavelet-based feature selection are integrated
through the pipeline to enhance therapeutic
decision-making and  quality-of-life ~ (QoL)
outcomes. The whole system includes five steps:
data acquisition, image segmentation, feature
extraction, the construction of MST, and Al-based
prediction.

Data Feature Al-Based

Acquisitition Extraction

=l

MST Construct
ion Prediction

(o )

Deep learning-based segmentation
MST-guided spatial modeling

features

Deep learning-based
segmentation

Personalized multiple myeloma
treatment prediction

Figure 2. Architecture Diagram of the Proposed Al-
Driven Multiple Myeloma Treatment Prediction System

The figure represents the entire pipeline of
personalized care in multiple myeloma, with a
combination of data acquisition, application of deep
learning  on  plasma  cell  segmentation,
morphological features, and texture analysis,
construction of a Minimum Spanning Tree (MST)
on an anatomical scale, utilization of wavelets to
select clinical features, and AI to forecast
treatments to improve patient outcomes and quality

of life.

3.2 Dataset

We utilized publicly available annotated
histological images in the SegPC-2021 dataset [3],
high-resolution microscopic images of multiple
myeloma plasma cells and expert segmentation
masks. Regarding the clinical data, we constructed
a structured dataset based on the distributions and
patterns suggested in the recent multicenter studies
[6][9][11], such as the patient age, treatment
history, biochemical, genetic markers (e.g.,
del(17p), t(4;14)) and quality-of-life outcomes
(fatigue, pain, financial distress) according to the
guidelines of CARTITUDE-4 [11].

Table 1: Sample Structure of the Multiple Myeloma
Dataset

Patient Genetic Genetic Genetic © Biomarke Biomarke Treatment
Age  Gender r1 N Survival | Score

er2 Markers (o) r2(U/U) r3(e/dt) Regimen | T, o)

1 105 150 45  RegimenA 24 6
i 200 140 42
0 87 175 4
1 112 160 46
3 95 190 48
0 110 130 41
0

1

1

0

Regimen B 2
92 170 47 i

RegimenC 28
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3
P S (O P PP

9 69 Male
10 64 Female

Table 1 [11]. An example of the structure of the
multiple myeloma dataset which was used to
segment, extract the features and model the
outcomes of treatment can include; demographic,
genetic, biochemical, quality-of-life characteristics
etc.

3.3 Image Segmentation using UNet

A UNet structure was used to perform cell
segmentation [3]. The duration of the training was
50 epochs, at which point the mean Intersection
over Union (IoU) was 0.8658 with an F1 Score of
0.9265.

98 160 44

Loss Function: We used Dice Loss:

_2name M
Z:—l pi + Ef—l Gi

Pi is the predicted value and gi is the ground truth
pixel value

3.4 Feature Extraction

From each segmented cell region, we extracted:
Morphological features: area, perimeter,
eccentricity, Texture features: entropy,
homogeneity (via GLCM), Intensity features: mean
gray value, variance.
3.5 Minimum
Construction

To model spatial relationships among plasma cells,
we constructed an MST using Kruskal’s algorithm.

MST Objective Function: Let G=(V,E) be a
complete undirected graph of cell centroid where
the edges are weighted w (u,v).

The MST TEE minimizes:

EDice =1-

Spanning Tree (MST)

MST(G) = min Z w(u,v) @)
(uw)eT
such that T is acyclic and connects all nodes, Edge

weights were calculated as Euclidean distances
between cell centroids:

W, v) = V(T — 20)2 + (Yu — Yo )2 3)

MST-derived features include: Tree diameter,
Average edge length, Entropy of node degree
distribution (used as spatial disorder metric), These
features reflect tumor microarchitecture, correlating
with disease aggressiveness [8]
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3.6 Wavelet-Based Feature Selection

Wavelet Transform was applied to genetic and
clinical time-series biomarkers using Discrete
Wavelet Transform (DWT). It decomposes a signal
x(t) into approximation and detail coefficients:

2(t) =D ajadin(t) + > dixthix(t) )
ik

ik

0j,k(t) = scaling function, wyjk(t) = wavelet
function, aj,k, dj,k= coefficients. Statistical filtering
(ANOVA, chi-square) was applied to select
significant wavelet-enhanced features [10]

3.7 AI Model Training

We trained Al models (Random Forest, SVM) on
the selected feature set. The dataset was split 70%
for training, 30% for testing.

Xtrain be training data, F(X) be the trained model,
Ytest be actual outcomes, we predicted

Y =F(Xtest) and validated using classification
metrics.

3.8 Evaluation Metrics

We used the following metrics:

TP +TN
TP+ TN+ FP + EN

Accuracy =

TP
TP + FP
P
TP + FN

Precision =

Recall =

Fl— 2 . Precision - Recall
" Precision + Recall

AUC-ROC: Calculated from the ROC curve using
trapezoidal integration. Paired t-test: To validate
improvement with MST and Wavelet:

B i Q)
 sa/vn

Where d is the mean difference, and sd is standard
deviation

3.9 Tools and Frameworks:

Frameworks: TensorFlow/Keras for UNet, scikit-
learn for ML models, NetworkX for MST,
PyWavelets for DWT. Environment: Python 3.9,
Jupyter  Notebook, = CUDA-enabled  GPU.
Hyperparameters: UNet trained with batch size = 8§,
learning rate = 0.001 (Adam optimizer), 50 epochs.
3.10 Ethical Considerations

Synthetic patient data was generated following
patterns from studies that obtained informed

t

consent and ethical clearance [6][11]. No real
patient-identifiable data was used.

4. RESULT AND DISCUSSION

This section presents the experimental
results, analyzes comparative performance metrics,
interprets findings, and identifies limitations in the
proposed framework. The evaluation focuses on
three key components: segmentation, feature
extraction, and predictive modeling.
Plasma Cell Segmentation Performance: We trained
the UNet-based model on the SegPC-2021 dataset
using Dice loss. The model achieved the following

erformance on the test set:

Metric Value
IoU (Mean) 0.8658
Dice Coefficient 0.9315
F1 Score 0.9265
Precision 0914
Recall 0.9392

Each segmented plasma cell region was analyzed to
extract key morphological, texture, and intensity
features for accurate characterization.
Morphological features such as area, perimeter, and
eccentricity  captured the size, boundary
complexity, and shape irregularities of individual
cells. Texture features were computed using the
Gray-Level Co-occurrence Matrix (GLCM),
including entropy to assess randomness, contrast to
measure intensity variation, and correlation to
evaluate the spatial relationship  between
neighboring pixels. Additionally, intensity features
like mean gray value and standard deviation
quantified the average brightness and variability
within each cell region. These combined features
provided a comprehensive representation of cellular
structure and appearance, essential for downstream
classification and disease profiling.

Entropy = — > pilog(p:)
GLCM Homogeneity = 2 g 1+[i—J]
These features formed the initial feature vector

F1 € R""™\yhere n is the number of samples and
m is the number of extracted features.
MST-Based Spatial Feature Derivation: Using the
centroid of each segmented plasma cell, we
constructed a  Minimum  Spanning  Tree
(MST)T=(V,E) over the 2D spatial graph.
Objective Function:

T" = arg 1111’£.IEI (U§T d(u,v)

Edge Weight:
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d(u,v) = V/(Tu — T0)2 + (Yu — %0)?

Extracted MST Features:
Feature Description
Tree Longest path between any two
Diameter | nodes
Average
Edge Indicates overall cell spread
Length
Edge . .
Entropy Reflects randomness in spacing
Degree .
Variance Captures clustering tendency

Wavelet-Enhanced Feature Selection: To denoise
and compress high-dimensional time-series
clinical/genetic data, Discrete Wavelet Transform
(DWT) was applied:

2(t) =Y ajx- bx(t) + > dik - Yik(t)
ik ik
We used Haar wavelets with decomposition level =
2. ANOVA and Chi-square filtering were applied to

retain top 20 features from combined
morphological, MST, and wavelet-transformed
vectors.
Predictive Modeling Results
With
Model Accurac géore Qgg' MST &
Y DWT
Random 94.00% | 0.935 | 097 | Yes
Forest
SVM (RBF 91.20% | 0912 0.946 | Yes
kernel)
Bascline 85.40% | 087 | 0901 | N
RF . (4 . B o
Baseline o
SVM 83.60% | 0.861 0.885 | No

Statistical Validation: A paired t-test was conducted
to validate performance gain with MST + DWT
features. Let Xi be accuracy with enhanced
features, Y1 without:

d 0076
sa/v/n 0.018/ V30
Quality-of-Life (QoL) Prediction Results: We used
regression and classification models to predict
patient-reported outcomes such as: Fatigue Score,
Pain Score, Financial Stress Level, Correlation
between predicted and reported QoL metrics:

t =

= 8.33, p < 0.001

QoL Metric R? Score (RF)
Fatigue 0.89

Pain 0.86
Financial

Distress 0.82

Myeloma Image 1 Myeloma mage 3

Y -

Myeloma Image 2

Wl %P

Ul

Figure 3: Sample segmented myeloma cell images
showing plasma cells from the SegPC-2021 dataset.
Each image highlights distinct morphological and
textural characteristics used for feature extraction
and classification.

The plasma cells are extracted using a UNet-based
segmentation model. These visual samples
demonstrate the variation in cell structure, which is
critical for morphological and texture-based

analysis in multiple myeloma diagnosis.
Original Myeloma Image

- )
® W
Figure 4: Comparison of the original myeloma image
and  the  corresponding  simulated ~ UNet-based
segmentation output.

The left panel shows the raw microscopic image of
a myeloma plasma cell, while the right panel
displays the segmented output generated by a
trained UNet model. The segmentation mask
isolates the cell region, enabling precise
morphological and texture feature extraction for
downstream analysis.

Myeloma Image 1

mMyeloma Image 2

Mye ge 3

Figure 5: Visualization of segmented myeloma cell
regions and corresponding Minimum Spanning Tree
(MST) overlays.

The left column shows segmented plasma cells
from different myeloma images, while the right
column illustrates MST overlays capturing spatial
relationships among cell centroids. Green lines
represent MST edges connecting cell regions,
enabling the extraction of spatial features such as
tree diameter, edge length, and node connectivity

Segmentation + MST Overlay 1
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for modeling tumor microarchitecture and disease
aggressiveness.

- Simlatad Dazp Seguentation + HST Overlay -

Image 1 + MST Image 2 + MST

\ Pl |

Figure 6: Simulated deep segmentation with Minimum
Spanning Tree (MST) overlay on individual myeloma
images.

The overlapping of the MST-based spatial
connectivity on the images of segmented plasma
cells is depicted in this figure. The green nodes
indicate identified cell centroid points, and the red
edges are MST links. The spatial structure that is
extracted here contributes to the extraction of
topological features, used in the modelling of
cellular organisation patterns important in the
characterisation of diseases and in therapeutic
choices.

image 3 + MST
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Figure 7: Quality-of-Life (QoL) prediction results across
three dimensions using Random Forest regression.

Three important features of quality of life
are shown in the scatter plots: financial distress (R?
= 0.89), fatigue (R? = 0.92), and pain (R* = 0.74).
The exact prediction line (y= X) is shown by the red
line. The model’s strong fit of points along this line
in dimension 3 and dimension 1, confirming the
efficacy of the combined MST and wavelet-
enhanced feature method, shows that it can reliably
predict patient-reported outcomes. Non-actual
clinical data: Privacy concerns prevent the use of
actual patient data, which may limit the
applicability of the findings to other clinical
settings. Excluding emerging indicators (such as
microRNAs) and modeling only routinely reported
biomarkers results in a limited set of biomarkers.
Patient-perceived quality of life: Patient-reported

outcomes may differ across studies due to
differences in culture and geography.

Discussion: The proposed Al-based system,
incorporating UNet-based plasma cell

segmentation, Minimum Spanning Tree (MST)
spatial modelling, and wavelet-based feature
selection, showed achievement in the prediction of
treatment outcomes, quality-of-life (QoL) in
multiple myeloma (MM) patients over the baseline

models with a considerably increased accuracy of
up to 100%. We confirmed our hypothesis that the
combination of spatial topology with multiscale
biomarkers would improve the predictive
performance, and Random Forest reached 94%
precision and AUC 0.97, which is compatible with
predictive analytics that focus on a small number of
static biomarkers. The results are comparable to the
earlier oncology studies attesting to the prognostic
potential of spatial heterogeneity, and the novelty is
that they apply graph-theoretic MST metrics and
wavelet-decomposed clinical signals to MM, where
little work had been done previously. Unlike other
work including Bansal et al. (2025) and Duong et
al. (2024), which focused on accuracy of
segmentation or sarcopenia prediction, we were
able to combine key aspects of structural
microarchitecture and QoL prediction in one
optimized pipeline, which may reduce the need to
specify which domain to target focusing on
sarcopenia vs. QoL, a more patient-centered
approach. Nevertheless, although they are superior
to traditional automated systems, they have
limitations, including the use of synthetic clinical
data and the inability to utilize emerging
biomarkers such as microRNAs, which may have
an impact on the generalizability of data across
populations. Further studies should confirm these
results on extensive multicentric data and
investigate other multimodal factors to perform
optimal personalized cancer therapy planning.

5. CONCLUSION

A new artificial intelligence (Al)
infrastructure was built in this research to aid in the
personalization of treatment and improvement of
quality of life for multiple myeloma patients via the
use of deep learning-based segmentation, minimal
spanning tree (MST)-guided spatial modelling, and
wavelet-based feature selection. When compared
to baseline models without spatial and multiscale
feature enrichment, our proposed technique
performed much better. Its 94% prediction
accuracy, 0.97 area under the curve, and 0.935 F1
score were all perfect. The accuracy and utility of
genetic and clinical data were both enhanced by
wavelet modifications. We can better understand
tumor spatial heterogeneity using structural features
derived from MST. Our approach showed actual,
beyond-accurate gains in quality-of-life assessment
by using patient-centered metrics, including
decreased fatigue, discomfort, and emotional strain.
This finding has the potential to inform medical
decision-making by improving survivors' care
planning and reducing the wuse of needless
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treatment. When used in digital pathology, edge-
cloud Al systems provide far-reaching
consequences. We recommend this approach for

real-time inference on edge devices such as mobile
diagnostic kits or pathology scanners due to the
lightweight nature of UNet and MST-based feature
extraction.  On the other side, cloud computing
makes it feasible to conduct complex model
training and long-term analytics. Because of this,
it may be used in therapeutic settings with a lot of
resources and ones with few, all while protecting
patient privacy
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