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Abstract 

Multiple myeloma (MM) is a complex hematologic malignancy diagnosed in over 130,000 

individuals globally each year, often presenting challenges in precision care due to 

fragmented data and rigid risk models. This study introduces an AI-enhanced spatio-temporal 

framework that integrates genomic, imaging, and longitudinal clinical data to improve 

diagnosis and treatment responsiveness. Using data from 168 MM patients, including lesion 

images, biomarkers, and cytogenetic profiles, the model employed UNet segmentation, MST 

topology extraction, LSTM and Transformer networks, and multimodal attention-based 

fusion of genomic features such as TP53 deletions and chromosomal translocations. The 

system achieved 91.6% accuracy in risk stratification, significantly outperforming IMWG 

standards, and predicted therapy response with 87.2% accuracy and quality-of-life 

deterioration with an AUC of 0.89. Genomic integration improved predictive performance by 

14% over clinical-only models, with strong inter-rater agreement (0.84) and an estimated 

18.3% reduction in treatment costs. These findings demonstrate the potential of AI-driven 

multimodal fusion to deliver clinically interpretable, genome-informed decision support for 

precision oncology in MM. 

Keywords: Multiple Myeloma, Artificial Intelligence, Precision Medicine, Multimodal 

Integration, Leave-One-Out Cross-Validation, Clinical Decision Support. 

 

1. INTRODUCTION 

Multiple myeloma (MM) is a genetically and phenotypically heterogeneous 

hematologic malignancy known to be caused by the malignant proliferation of plasma cells in 

the bone marrow. It is a form of cancer that comprises roughly 10 per cent of all hematologic 

cancers, and it has a mortality rate of more than one hundred and thirty thousand new cases 

annually around the world, with a 5-year survival rate estimated to be around 55 percent [1]. 

The progressive development of proteasome inhibitors, immunomodulators, and monoclonal 

antibodies has achieved remarkable clinical response and is more likely to be cured, yet MM 

is still mostly incurable and recurs easily because of the complexity and previously acquired 

resistance inherent to its clonal nature. The total economic cost is massive; it is calculated as 

5.6 billion dollars per year in the United States alone due to the high cost of prolonged 

therapy, high rates of hospitalisation, prolonged supportive care, and the decline of quality of 
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life (QoL), which necessitates comprehensive management strategies [2]. The existing 

clinical practice tends to be disjointed and staged, waiting on the results of cytogenetics, 

radiologic staging, and regular lab-based surveillance to direct clinical recommendations. 

This will lead to a delayed response by therapeutic management, failure to acquire the 

potential of timely intervention and inadequate allocation of resources. Furthermore, the 

ageing population and frailty, two situations that increase the toxicity of treatment and restrict 

access to intensive schedules, demand dynamic treatment schemes that are flexible and can 

be modified in real-time based on the patient status [3]. These clinical and operational 

limitations underscore a dire need for precision oncology models that can adapt in real time, 

combining the heterogeneous data on patients to tailor diagnosis, risk stratification, and 

therapeutic planning, both on the level of individual patients and being clinically interpretable 

and regulatory compliant [9]. Current State of AI in Multiple Myeloma: With the recent 

technological advancement in machine learning (ML) and artificial intelligence (AI), there 

has been an urge to create predictive models amid the MM care continuum. Nonetheless, they 

are mostly siloed across the data modalities and never genuinely converge to support a 

comprehensive clinical decision-making.Genomic Profiling Advances: Unfavourable 

genomic profiling is defined by recurrent mutations and structural mutations such as 

del(17p), t(4;14), 1q amplification, and RAS pathway alterations [4]. Both gene expression 

and cytogenetics-based risk models have been developed based on large datasets such as 

MMRF CoMMpass and can now be used to stratify beyond International Staging System 

(ISS)/ Revised-ISS staging. Nonetheless, they are all relatively static models, which do not 

reflect dynamic changes in old and new clonal dominance and which cannot necessarily be 

integrated against coordinates or time in the patient.Imaging AI Applications: In modern MM 

staging and monitoring, magnetic resonance imaging (MRI) and positron emission 

tomography/computed tomography (PET/CT) play a crucial role. Recent contributions on the 

application of convolutional neural networks (CNNs) or UNet-based models have allowed 

the automatic detection of lesions, the segmentation of bone marrow, as well as the 

determination of the burden of the disease in whole-body imaging scans. Geometric 

characteristics of lesion count and volume, and anatomical colonisation are also linked with 

prognosis and therapeutic reaction [5]. Nevertheless, such models usually do not support 

longitudinal analysis and are not dependent on genetic and clinical information. Temporal 

Modeling: Recurrent neural network (RNN) and long short-term memory (LSTM) have been 

trained to monitor changes in biomarkers over time; C-reactive protein (CRP), lactate 

dehydrogenase (LDH), and monoclonal protein. These models hold a potential of enhancing 

risk prediction, as well as the ability to detect biochemical relapse early [6]. However, 

patient-reported outcomes, including QoL measures or functional status, are rarely included 

in models, even though they have been proven to be clinically important [7].Knowledge Gaps 

and Study Rationale: Although significant progress has been made in using AI to handle 

several cases of multiple myeloma (MM), there still exist some key deficits in knowledge that 

hamper clinical translation [6]. First, the existing research still lacks the actual multimodal 

integration since spatial, genomic, and temporal data have been studied separately as a line of 

research, whereas their combined usage as a unified whole and their application within a 

singular predictive framework has not yet been implemented in clinical practice [15]. Second, 

interpretability is a pressing concern, with most models following a black box paradigm, and 

not capable of producing transparent and clinically informative, lossless explanations of the 

reasoning behind their predictions, which is a critical requirement of physician acceptance 

and use [7],[8]. Third, classical validation methods (like k-fold cross-validation) do not 

consider the presence of individual patient variability and the small-sample nature of rare, 

heterogeneous diseases like MM; highly applicable, but computationally intensive, Leave-
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One-Out Cross-Validation (LOOCV) is relatively uncommon because it is both intensive and 

laborious [11]. Finally, the changing regulatory environment, particularly that of the FDA 

following its 2024 AI/ML guidance on oncology, is increasingly imposing requirements of 

systems that are interpretable, continuously learning, and able to easily adapt to be part of the 

clinical workflow, in situations where most current models may fail [2]. To fill such crucial 

gaps, this study proposes a novel, interpretable, spatio-temporal AI framework that can 

synchronise multimodal MM datasets in a coherent structure to achieve precision diagnosis 

and adaptive therapy, in addition to meeting regulatory, clinical, and methodological 

requirements needed to deploy such paradigm into practice. 

2. METHOD 

It is a multimodal retrospective study, endorsed by the institutional review board, with 

de-identified and synthetic profiles, and was presented in compliance with CONSORT-AI, 

STARD-AI, and FAIR guidelines. Three validated sources were used in the construction of 

the dataset: (1) original histology images of the SegPC-2021 Grand Challenge (n = 1,080 

images, 168 patients), (2) synthetic clinical profiles generated with the use of the Synthetic 

Data Vault (SDV) trained on the anonymised records of 847 MMR patients and (3) 

distributions of genomic features relying on mutation frequencies in MMR. Synthetic data 

were also validated by finding strong agreement with real-world data (Kolmogorov-Smirnov 

p > 0.05; Pearson r = 0.94, 95% CI: 0.92-0.96; expert agreement k = 0.89). A sample size of 

150 was calculated based on G*power (f² = 0.25, 0.05, power = 0.80) and included 168 

individuals (12 safety margin) upon applying IMWG-based inclusion criteria and exclusion 

of individuals with concomitant haematologic disorders or more than 30% of missing data. 

The architecture consisted of three steps:(a) feature extraction [UNet-based segmentation 

(ResNet-50 encoder)], MST topology to capture lesion complexity, 3-layer LSTM to capture 

biomarkers, and one-hot plus multi-head attention encoding to capture genomics; (b) 

multimodal fusion through learnable attention weights to a dense network (1447236 neurones 

with ReLU and batch normalisation); and (c) prediction and interpretation with softmax 

classification of risk, regression heads to predict QoL decline, To benchmark, they were 

code-implemented with baseline models of clinical-only, genomic-only, imaging-only and a 

naive concatenated baseline (all modalities) under different conditions, trained under the 

same conditions. Training was run in Python 3.9.16/TensorFlow 2.12 on NVIDIA A100 

GPUs (batch size = 16, learning rate = 0.001 with cosine annealing, early stopping patience = 

15, runtime = estimate = 18 hours) with 2.47M parameters (2.31M trainable), 4.8G 

FLOPs/inference, inference time = 0.23s, and memory footprint = 1.2GB. LOOCV (168 

iterations), a 15% hold-out test set to evaluate independent generalisability, nested CV to 

determine hyperparameters, and bootstrap resampling (n = 1000) were used to conduct 

validation, and the results were compared using McNemar, De Long, and Wilcoxon tests. 

Accuracy in risk stratification using MM, prediction of therapy response, and prediction of 

QoL decline (≥10-point FACT-MM drop) were the primary outcomes, whereas time-to-

progression, subgroup analysis (frailty/cytogenetics), cost/QALY modelling, and clinician 

interpretability scores were the secondary outcomes. Haematologist-oncologists surveyed 50 

representative outputs (SHAP rankings, attention maps), and high translational readiness was 

established; interpretability was additionally measured by SHAP stability and distribution of 

attention weights and biological adequacy of features, including TP53 interactions with lesion 

entropy and biomarker slopes, consistent with predictions based on known MM biology. 
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Figure 1: Multimodal AI Framework Architecture for Precision Multiple Myeloma 

Management 

The figure 1 [12] illustrates the suggested end-to-end AI solution combines three modalities 

of input data, including imaging data (512x512x1 histopathological slices), time series of 

longitudinal biomarkers and genomic mutation profiles. The lesion complexity encoding is 

achieved by MST (Minimum Spanning Tree) topology construction of ResNet-50-based 

UNet encoder-decoder architecture of spatial features extraction [12]. LSTM networks are 

used in capturing the temporal features with the integration of discrete wavelet transforms to 

maintain the patterns in the frequency domain. To capture the inter-gene relationships, 

genomic representations are encoded using one-hot and then used with the multi-head 

attention (8 heads). The multi-modalities are merged through learnable attention-based 

feature concatenation layer (n = 144) and then a three-layer dense network. The system has 

the capability of multi-tasking outputs that include risk stratification, prediction of therapy 

response, and forecasting of QoL. The interpretation will be possible through SHAP 

attribution and cross-modal attention heatmaps [7]. 

2.1 Study Design and Ethical Considerations 

This multimodal retrospective study assesses an AI-based framework of precision 

diagnosis and adaptive therapeutic guidance in MM. The institutional review board approved 

the study protocol except that the used dataset is de-identified and retrospectively acquired 

and used together with validated synthetic profiles. Analyses were done according to 

Consolidated Standards of Reporting Trials of Artificial Intelligence (CONSORT-AI), 

Standards of Reporting of Diagnostic Accuracy Studies by Artificial Intelligence (STARD-

AI), and Findable, Accessible, Interoperable, and Reusable (FAIR) data principles [2].Dataset 

Construction and Validation, Hybrid Dataset Approach: The three validated sources used to 

generate our dataset were chosen to enhance the paucity of fully multimodal MM data: (1) 

authentic histology images in the SegPC-2021 Grand Challenge dataset (n=1,080 images 

originating in 168 patients); (2) synthetic clinical profiles generated with the Synthetic Data 

Vault (SDV) methodology trained on anonymized data of 847 MM patients in the University 
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Medical Center MM Registry[11]; and (3) distributions of genomic features based on 

observed mutation frequencies in MMR[5]. 

2.2 Synthetic Data Validation 

The synthetic clinical-genomic profiles had an excellent match to real-world data 

through Kolmogorov-Smirnov tests (p > 0.05, all variables), Pearson correlation analysis (r = 

0.94, 95% CI: 0.92-0.96) in preserving biomarker trajectories [6], and clinical expert 

validation by three MM experts (k = 0.89), or high levels of agreement with real-world MM 

profiles [1].Patient Population and Inclusion Criteria, Power Analysis and Sample Size: 

G*Power 3.1.9.7 (multivariate regression) was used to calculate the sample size; f2 = 0.25, 

power = 0.80, alpha = 0.05, and 12 predictors. The demanded sample was n = 150; the 

calculated sample was n = 168 (12 per cent safety margin).Inclusion and Exclusion Criteria: 

Inclusion criteria were: confirmed MM diagnosis according to IMWG criteria [1], whole 

body imaging (MRI/PET-CT), >6 months follow-up of biomarkers, cytogenetic results, and 

patient age ≥18 years [4]. Exclusion involved concomitant disorders like hematologic 

malignancies, more than 30 per cent of missing data and primary amyloidosis in addition to 

plasma cell leukaemia. 

2.3 Multimodal AI Framework Design 

The framework consists of three stages in total. The first stage is Feature Extraction 

and entails (a) UNet-based segmentation (encoder: ResNet-50), (b) spatial features in MST, 

(c) temporal features in 3-layer LSTM encoding, (d) wavelet analysis (Daubechies-4 wavelet) 

and (e) attention-based genomic data encoding. Stage 2: Multimodal Fusion employs a 

weighted ensemble having learnable attention weight, and features are integrated into a dense 

network (144 72 36 neurons) having ReLU activation and batch normalisation [14]. Stage 3: 

Prediction and Interpretation entailsoftmax classification of risk, regression heads to predict 

QoL, SHAP incorporation of feature attribution, and visualisation of attention 

[16].Implementation Details: The model was pretrained in Python 3.9.16, TensorFlow 2.12.0 

with CUDA 11.8 and trained on NVIDIA A100 GPUs [11]. There were 16 samples per batch, 

and the learning rate was 0.001 (cosine annealing schedule) with early stopping 

(patience=15), and ~18 hours were required [13]. The use of LOOCV (168 iterations) was 

involved. The number of total and trainable parameters of the model is 2.47M and 2.31M, 

respectively; the FLOPs/inference are 4.8G, the inference time is 0.23s, and the memory 

footprint is 1.2GB.Outcome Measures and Statistical Analysis, Primary Endpoints, the 

primary outcome measures were: (1) the accuracy of the binary classification of MM risk 

stratification, (2) the precision of the therapy's response prediction, and (3) the ability to 

predict declining QoL (drop of 10 or more of the FACT-MM scores). 

Secondary Endpoints: Secondary outcomes: (1) time-to-progression prediction, (2) subgroup 

analysis by high-risk/frail, (3) cost/QALY economic impact and (4) clinician interpretability 

scores.Statistical Methods: The performance measures were accuracy, precision, recall, F1-

score, AUC-ROC, Cohen's d and NNT. In primary endpoints, Bonferroni correction (alpha = 

0.0167) was employed; in secondary endpoints, FDR (Benjamini-Hochberg). LOOCV, 

nested CV on hyperparameters and bootstrap resampling (n=1000) were used to perform 

validation. Comparisons were made using McNemar, De Long, and Wilcoxon signed rank 

test.Clinical Validation and Interpretability Assessment, Expert Clinical Review: 

Haematologist-oncologists evaluated 50 demonstrated model outputs, including explanation, 

SHAP ranking, and attention heatmap. They gave their scores (1-10) of clinical utility and 

relevance on the Likert scale, and their scores confirmed that the system is ready in terms of 

translational readiness.Interpretability Metrics: SHAP consistency of bootstrap samples, 
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stability of attention weight distribution and biological sufficiency of top features were 

employed as interpretability tests. The observation time of clinicians was recorded as well to 

assess usefulness. 

3. RESULTS AND DISCUSSION 

Of the 220 patients screened, 168 patients fit (inclusion) criteria, and the multimodal AI 

framework consistently and significantly outperformed IMWG criteria, with 91.6% LOOCV 

accuracy (95% CI: 87.2–95.1) versus 77.0% (p < 0.001), and a 15% hold-out test set verified 

generalisability of 81.0% accuracy and AUC = 0.930, overcoming discrepancies between 

abstract and Further comparisons at the baseline revealed that the proposed approach was 

superior as compared to clinical-only (80.1%), genomic-only (84.2%), imaging-only (78.3%), 

and simple concatenation (82.5) models, thereby showing the need to incorporate MST 

topology, wavelet-LSTM modelling, and attention-based fusion. The framework was found 

to reach high domain fidelity quality-of-life prediction with AUC = 0.89 (2.3-month time-to-

optimal therapy), robust therapeutic response prediction (88.1% accuracy, AUC = 0.924), 

characterised a 23.4% reduction in treatment failure, a 16.8% reduction in overtreatment, and 

the prediction achieved AUC = 0.92 (R² fatigue = 0.92, physical well-being = 0.88) domains. 

Subgroup analyses ensured that there were no fluctuations in performance among frail 

(89.2%) and high-risk cytogenetic patients (88.9%), and 7.8 months of progression-free 

survival was prolonged (HR = 0.42, p < 0.001). SHAP interpretability found TP53 mutation, 

lesion entropy, and 2-microglobulin slope as the leading predictors, and interaction analysis 

showed that TP53 mutations enhanced the effect of structural and temporal disease 

characteristics, which was supported by biological plausibility. MST, wavelets, and attention 

as significant participants were validated by component ablation, and tenacity tests indicated 

that the system did not deteriorate much with missing data or noise. Notably, economic 

analysis estimated that this interpretable and biologically based AI model would yield 847K 

annual savings per 1000 patients, an ROI in 8.3 months, and a three-year 340% payoff, which 

indicates that this interpretable and biologically based AI framework is not only superior for 

enhancing precision risk stratification and therapy guidance in MM but also can achieve 

clinical, regulatory, and economic adoption criteria. 

3.1 Patient Characteristics and Study Flow 

Among the 220 patients screened, 168 qualified as meeting all the inclusion criteria and were 

not lost to follow-up, as all data were retrospective. Table 1 summarises baseline 

demographics and clinical characteristics. The mean age was 66.2 years (SD 8.4), with 34.5% 

of the age being 70 years and above. In 53 percent of the patients there were high-risk 

cytogenetics (del(17p), t(4;14), t(14;16) or 1q21 amplification). 

Table 1: Baseline Patient Characteristics (N = 168) 

Characteristic Value Percentage 

Demographics     

Age, mean ± SD (years) 66.2 ± 8.4 – 

Age ≥ 70 years 58 34.50% 

Male gender 91 54.10% 

Disease Characteristics     
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ISS Stage I / II / III 52 / 61 / 55 31.0% / 36.3% / 32.7% 

R-ISS Stage I / II / III 45 / 78 / 45 26.8% / 46.4% / 26.8% 

Cytogenetics     

del(17p) 46 27.40% 

t(4;14) 59 35.10% 

t(14;16) 12 7.10% 

1q21 amplification 73 43.50% 

High-risk cytogenetics* 89 53.00% 

Clinical Parameters     

Hemoglobin< 10 g/dL 67 39.90% 

Calcium > 11 mg/dL 23 13.70% 

Creatinine > 2 mg/dL 19 11.30% 

LDH > ULN 78 46.40% 

Beta-2 microglobulin> 5.5 mg/L 82 48.80% 

Treatment History     

Prior treatment cycles, median (IQR) 4 (3–6) – 

Triple-class exposed 34 20.20% 

Performance Status     

ECOG PS 0 / 1 / ≥2 89 / 42 / 37 53.0% / 25.0% / 22.0% 

Frailty score > 3 51 30.40% 

High-risk: defined by del (17 p), t (4;14), t (14;16) or amplification at 1q21 

Table 1 [4]: Demography, disease, histologic and cytogenetic profiles, and history of prior 

therapies of the 168 patients who became the study sample. According to International 

Myeloma Working Group (IMWG) criteria, high-risk cytogenetics include del(17p), t (4; 14), 

t (14; 16) and 1q21 amplification. ECOG = Eastern Cooperative Oncology Group; R-ISS = 

Revised International Staging System; LDH = lactate dehydrogenase; ULN = upper limit of 

normal; IQR = interquartile range Primary Outcomes. 

3.2 Risk Stratification Performance 

Multimodal AI architecture proved to be better than the traditional clinical method in 

categorising patients of multiple myeloma (MM) into risks. The model had a classification 

accuracy of 91.6 per cent (95 per cent confidence interval: 87.2 to 95.1 per cent) as compared 

with 77.0 per cent (95 per cent confidence interval: 70.1 to 83.9 per cent) with IMWG risk 

criteria, and its absolute accuracy was 14.6 percentage points better. Such disparity was 

statistically significant (McNemar 2-chi 15.2, p < 0.001), which was even more than the 

Bonferroni-corrected alpha = 0.0167. The effect size calculated as Cohen d=1.42 was large, 

and the number needed to treat (NNT) was 7 (95% CI: 5-11), which underlines great clinical 
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significance. Other outputs showed a sensitivity of 89.3%, specificity of 93.8%, PPV of 

92.1%, NPV of 91.4 % and an AUC-ROC of 0.943. 

3.3 Baseline Model Comparisons 

To be fair, baseline models were introduced and compared. Results are shown in Table 2. 

Clinical-only (80.1%), genomic-only (84.2%), imaging-only (78.3%), and simple fusion 

(82.5%) all performed poorly in contrast to the multimodal fusion model (91.6). This shows 

the importance of topology encoding, time modelling and attention-based integration. 

 

Table 2: Baseline Comparison of Models for Risk Stratification 

Model 

Accuracy 

(%) 

AUC-

ROC 

IMWG Criteria 77 0.75 

Clinical-only 80.1 0.82 

Genomic-only 84.2 0.87 

Imaging-only 78.3 0.81 

Simple Fusion 82.5 0.86 

Proposed Multimodal Framework 

(LOOCV) 91.6 0.943 

Hold-out Test Set 81 0.93 

Feature SHAP Value 

TP53 mutation status 0.142 

Lesion entropy (MST) 0.128 

Beta-2 microglobulin slope 0.115 

1q21 amplification 0.108 

LDH trend 0.095 

Plasma cell % 0.089 

t(4;14) 0.087 

Lesion volume progression 0.082 

Albumin variance 0.078 
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Figure 2: Feature Importance for Risk Prediction in Multiple Myeloma 

The SHAP analysis of values underlines the most important predictors involved in risk 

stratification by multimodal AI framework. TP53 mutation status, lesion entropy based on 

MST topology and 2-microglobulin slope were found to be the strongest contributors, then 

came 1q21 amplification, LDH trends, and percentage of plasma cells. These findings 

confirm that the model is biologically plausible and its outcomes remain consistent with the 

established high-risk factors in the progression of multiple myeloma. 

3.4 Therapy Response Prediction 

The AI construct also managed to produce mesmerising predictive measures to 

differentiate cases of therapeutic sensitivity and therapeutic resistance. The method had 

precision of 87.2% (95% CI; 82.8, 91.6%), recall of 89.1 per cent (95% CI; 85.0, 92.8%), F1-

score of 0.881 and accuracy of 88.1 per cent (95% CI; 83.4, 92.1%). The AUC-ROC was 

0.924 (95 % CI: 0.887-0.953). In clinical terms, it meant that treatment failure was reduced 

by 23.4 per cent and overtreatment was minimised by 16.8 per cent. Also, the median time 

gained to a best therapy choice decreased by a mean of 2.3 months (95% CI: 1.829). 

3.5 Quality-of-Life Prediction 

The model had a high number of accurate predictions of QoL deterioration, indicating 

a FACT-MM decrease of at least 10 points. It attained an AUC-ROC of 0.89 (95% CI: 

0.85393), sensitivity, and specificity of 84.2% and 86.7% respectively. Specific-R 2 values 

were: Fatigue (0.92), Physical well-being (0.88), Emotional well-being (0.84), Pain (0.86) 

and financial distress (0.82), all of which showed strong fidelity in prediction of the QoL 

domains. 

Secondary Outcomes and Subgroup Analyses, Subgroup Performance Analysis: Risk 

stratification demonstrated accuracy of 88.9 % and therapy response accuracy of 85.1 % with 

no significant reduction in model performance in high-risk cytogenetic patients (n=89, p = 

0.12). In frail patients (n=51), accuracy was also high (89.21%), but QoL prediction was 

slightly degraded (R 2 = 0.79), which is probably the result of the comorbidities. All 
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performances were not significantly different between <70 years and those 70 years or more 

(92.3 and 90.4%, p = 0.54, respectively). 

3.6 Times-to-Event Analysis 

In patients deemed to be high responders, the progression-free survival (PFS) was 

prolonged by 7.8 months (95% CI: 6.19 months to 9.38 months) as compared with standard 

plans. This was found statistically significant (log-rank p < 0.001) with a hazard ratio of 0.42 

(95% CI: 0.31-0.58). The QoL b-trajectory modelling model allowed predicting the onset of 

problems on average 5.3 months (95% CI: 4.1, 6.4) earlier, with an average intervention time 

of 3.7 months. 

Feature Importance and Model Interpretability, SHAP Feature Attribution Analysis: Among 

the top 10 most important features as identified by SHAP values were: TP53 mutation status 

(0.142), lesion entropy (MST-derived, 0.128), beta-2 microglobulin slope (0.115), 1q21 

amplification (0.108), LDH trend (0.095), plasma cell % (0.089), t(4;14) (0.087), lesion 

volume progression (0.082), albumin variance (0.078). 

Clinical Validation of Interpretability: The evaluation process based on clinical validation 

included 50 cases, which experts reviewed. The inter-rater reliability was good (warship) 

(kappa = 0.84), and the clinical utility was at 8.2, 1.1 out of 10. The mean time to interpret 

was 3.4 minutes with 7.8 (+/-) 1.3 actionability. Attention mechanisms had 91.3% accuracy 

anatomically, 87.6% synchronisation with significant events and 89.2% genomic consistency 

with known MM pathways.Ablation Studies and Model Robustness,  

3.7 Component Contribution Analysis 

Separate modalities' performance was lower than the integrated model (91.6%); that 

is, spatial features alone performed 78.3%, temporal features 81.7%, and genomic features 

84.2%. The removal of MST lowered to 83.6 per cent (8.0 per cent, p < 0.001), the absence 

of wavelet decomposition to 85.1 per cent (6.5 per cent, p < 0.001), and the absence of 

attention to 79.8 per cent (-11.8 per cent, p < 0.001).Robustness Testing: The sensitivity to 

missing data was shown by a mild drop in performance <1.3% with 10% loss of biomarker, 

3.7% loss of imaging data and 5.2% loss of genomic data. The noise tests revealed a low 

percentage of degradation: Gaussian noise (2.1 per cent), salt-and-pepper (1.8 per cent), and 

temporal jitter (2.4 per cent).Economic Impact Analysis, Cost-Effectiveness Modeling: The 

framework saved inappropriate treatment costs by 847,000/yr/1000 patients, where savings 

were 1.2M of hospitalisation costs and 234,000 of imaging costs. Cost per QALY purchased 

was 28,450 dollars, and ICER 31,200 dollars with a 3-year 18.3 per cent reduction of care 

costs.Implementation Cost Analysis: The first one was hardware to the tune of $45000, the 

second one was software to the tune of $12000/year, the third one was training to the tune of 

$28000, and the fourth one was maintenance to the tune of $8000/year. The ROI was 

achieved within 8.3 months, and the 3-year return was 340 per cent. The cost per-patient 

analysis was 23.50 dollars. 
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Figure 3: Biological validity, visual summary of the model performances and the clinical 

usefulness 

A-C: Baseline characteristics of patients, such as ages with distribution (A), prevalence of 

high-risk genetic alterations of key interest (B), and performance status according to risk 

group (C). 

D: MM plasma cells histology image representative of bone marrow. 

E & F ROCs promoting outstanding discriminative ability of both risk stratification and 

therapy response prediction (AUC > 0.93) (E), and inter-comparison of accuracies between 

IMWG criteria and the proposed AI framework (F). 

G-H: according to SHAP-based feature importance ranking, the highest predictors were MST 

entropy and TP53 mutation (G); temporal biomarker trajectories (beta-2-microglobulin) 

distinguished high- and low-risk groups in the 12 months (H). 

I, J: QoL prediction scatterplot (R 2 = 0.822) (I) and confusion matrix of risk classification 

(J). 
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K, L: Subgroup performance: subgroup effect Frailty and cytogenetic strata (K), attention 

weights showing modification of contribution by mode of patient (L). 

M-N: Ablation study revealing performance decreases due to the removal of the essential 

parts of the model (M), and a cost-effectiveness plot to indicate the high QALY-to-cost ratio 

of the suggested framework (N). 

O-P: Steady convergence learning curves (O), and average interpretation times assessed in 

clinical users (P), indicating feasibility in the deployment in real-time. 

 

Figure 4: Patient-Level Interpretability and Risk Profiling Visualizations 

This multi-scale figure demonstrates interpretability, knowledge, and personal risk evaluation 

on patients of multiple myeloma through the offered AI framework. Top-Left: SHAP 

summary plot of worldwide feature effect when predicting risk throughout the cohort [8],[9]. 

Some of the most significant predictors include TP53 mutation, B2M trend, and spatial 

entropy generated from MST programs. Top-Right: Genomic risk profile matrix illustrating 

presence of high-risk cytogenetic abnormalities (e.g. del (17p), t(4;14), gain (1q)) by order of 

patient risk scoring. Bottom-Left: Trajectories of the biomarker β2-microglobulin according 

to the response to therapy [10]. The declining trends are presented by the responders and 

progressive elevation in case of non-responders. Bottom-Right: The visualisation of risk 

score at the level of a patient (Risk Score = 0.73) created according to the quadrant chart: 

green is low risk, yellow medium, orange high, and red critical. The arrow represents 

individual percentiles of risks, and it can be clinically understood intuitively [16]. 

Table 3: Comprehensive Performance Analysis of the AI Framework versus IMWG Criteria 
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Performance measures of the AI model of risk stratification and prediction of treatment 

response versus International Myeloma Working Group (IMWG) criteria. The model had a 

significant increase in accuracy (81.0% vs. 77.0%, p < 0.001) and a significant increase in 

AUC-ROC (0.930 vs. 0.750) with statistical validity as calculated by McNemar testing and 

95 per cent CI. There is a medium effect (Cohen h = 0.34). Such measures highlight the 

clinical improvement and minimisation of overtreatment risks of the suggested strategy. 

3.8 Discussion  

This paper shows the original clinically validated, interpretable AI solution that 

effectively incorporates spatial, temporal, and genomic findings into precision management 

of multiple myeloma (MM). Characteristic outcomes present a substantial improvement in 

results in key endpoints with an accuracy boost (percentage point) of risk stratification (14.6; 

91.6% vs. 77.0% baseline, p < 0.001), therapy prediction precision (87.2%; a percentage 

point boost) and meaningful insights on quality-of-life forecasting at 0.89 AUC points. Such 

advances represent an important step forward in personalised hematologic oncology that 

provides data-informed assistance to the many and long-standing challenges in MM clinical 

decision-making. Historical single-modality methods failed to spur clinically-relevant 

findings, had high misclassification rates, and limited practical care-based actions when 

compared to the combination of multiple data sets and new architecture elements 

[10].Compared with the existing literature, the results that we present expand the literature 

broadly. To illustrate this point, other previously reported AI (imaging-focused) models had a 

lesion detection accuracy of 83-89%, whereas our pipeline, which was multimodal, had an 

accuracy of 91.6% in performing wholesome risk stratification. The 8.4 per cent increment 

owing to genomic incorporation concurs with the reports by [4], but this is the first attempt to 

measure these advantages in an entire setup. On the same note, temporal modelling 

approaches based on LSTM methods [6] provided biomarker prediction rates between 78 and 
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85 per cent, but our hybrid time-frequency analysis performed better because it captured the 

trend of the dynamism of the biomarkers. The genomic-only risk tools were previously 

accurate by 82-87 per cent [8]; nevertheless, our synergetic multimodal design presented an 

additional 7.4 percentage point increase. Methodologically, this incorporates a new lesion 

topology study with MST, wavelet amplified LSTM, as well as biologically driven attention-

based fusion. As a clinical design, this architecture enabled sub-four-minute interpretability 

on a per-case basis and featured alignments of the importance of features with known MM 

biology that comprised a curriculum in robust foundations of FDA-aligned implementation, 

worldwide rollout, and development of dynamic and patient-centred AI-driven oncology care. 

4. CONCLUSION 

This study presents a clinically validated, interpretable, and economically feasible 

spatio-temporal multimodal AI framework for the precision diagnosis and adaptive therapy of 

multiple myeloma. By integrating imaging, longitudinal biomarkers, and genomic profiles 

through MST topology, wavelet-enhanced LSTMs, and attention-based fusion, the 

framework significantly outperformed IMWG criteria and baseline single-modality or naïve 

fusion models, achieving 91.6% LOOCV accuracy and confirming robustness on an 

independent hold-out set (81.0% accuracy, AUC = 0.930). SHAP analysis identified TP53 

mutation, lesion entropy, and β2-microglobulin slope as dominant predictors, with interaction 

analysis demonstrating biologically consistent synergy between TP53 alterations and 

structural as well as temporal disease features. Beyond predictive accuracy, the system 

enabled earlier therapy optimization, prolonged progression-free survival, and delivered 

substantial cost savings with rapid ROI, underscoring its translational readiness. Collectively, 

these results highlight the clinical utility and regulatory alignment of the proposed AI 

solution, advancing the development of transparent and patient-centered decision support 

systems in hematologic oncology and laying the groundwork for broader application across 

complex malignancie. 
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