
Page: 4 3 0   

RESEARCH PAPER 

*Author for Correspondence: 2281080@kiit.ac.in 

  
 

Strategic Risk Reduction for Multiple Myeloma Using Time-Series 
Prediction and Game-Theoretic Decision Modeling 

 
Revanth Bokka1 and Minakhi Rout2 

 
1Research Scholar, School of Computer Engineering, Kalinga Institute of Industrial Technology Deemed to be University, 

Odisha, India 
2Associate Professor, School of Computer Engineering, Kalinga Institute of Industrial Technology Deemed to be 

University, Odisha, India 
2281080@kiit.ac.in1 and minakhi.routfcs@kiit.ac.in2 

 
 

Received: 28th Feb, 2026; Revised: 6th March 2026; Accepted: 7th April, 2026; Available Online:  20th April, 2026 
 
 
ABSTRACT 
Multiple myeloma is a complex blood cancer, complicated by challenges for early detection and risk assessment, causing 
delays in treatment which carry with it further health issues. In this study a modern risk reduction model is presented that 
is based on game theory approaches and time series analysis to improve the accuracy of identification of MM in a 
strategic planning. The primary targets are to improve the effective use of healthcare resources and clinical decision-
making processes, with predictive algorithms that evaluate patient information taken over a period of time, to identify 
markers for MM development. We use ARIMA models and LSTM neural networks as cutting-edge models for time 
series to discover patterns in patient biomarker data. To investigate strategic decisions of screening and treatment uptake, 
we can use a Stackelberg-Noncooperative model and analyse the interaction among the stakeholders. Enough statistical 
validity was achieved due to the large sample size and the use of retrospective data from cancer registries and hospital 
EHRs. Initial results show that the detection effectiveness can be improved by the identification of temporal patterns and 
that the identification of important control points within a game-theoretical approach can reduce financial risks and 
improve compliance. The capabilities of strategic modeling together with prediction systems using data present a 
transformative opportunity for MM care delivery modalities. Combined approach allows healthcare providers to provide 
proactive treatment at an effective cost level. This system provides an expandable solution for highly accurate treatment 
of cancer, applicable in complex medical treatment scenarios. 
Keywords: Multiple myeloma, risk mitigation, time series analysis, machine learning, game theory. 
How to cite this article: Bokka R, Rout M. Strategic Risk Reduction for Multiple Myeloma Using Time-Series 
Prediction and Game-Theoretic Decision Modeling. Int J Drug Deliv Technol. 2026;16(6): 430-437. DOI: 
10.25258/ijddt.16.6.49 
Source of support: Nil.  
Conflict of interest: None 
 
I. INTRODUCTION 
Multiple myeloma is one of those complex blood cancers 
that can't be treated that comes from overgrowth of plasma 
cells in the bone marrow and causes serious problems. 
Despite the progress in immunotherapy using CAR-T cells 
and bispecific antibodies and targeted drug delivery 
systems [1, 3, 15], Multiple myeloma retains its 
complexity because of the various disease characteristics 
and unpredictable patterns of disease course and treatment 
resistance. Delayed medical recognition is a major 
persistent problem in high-risk and susceptible patient 
communities as delayed diagnosis can result in poorer 
health outcomes [1, 2, 5]. There is a challenge in the 
current clinical practice to unify real-time decision making 
with predictive modeling technology. 

BCMA therapies have emerged as new therapies but the 
existing health care system is still not enough to predict 
the course of disease or provide decision support for 
stakeholders when facing uncertainty [1, 7, 10]. 

Extensional approaches currently absorb mostly clinical 
events as their foundation instead of making use of early 
indications which arise from continuous observations. 
While standard statistical models are unsuitable for the 
non-linear disease characteristics of relapsed and 
refractory disease, they have been used with success in 
several other contexts, such as imaging the brain’s white 
matter using diffusion MRI [7] and quantifying drug 
efficacy in clinical trials. There is no system that combines 
reliable analytics and behavioural modelling in order to 
facilitate predictive and strategic proactive MM 
management and there is a lack of one in MM 
management. 

This research proposes a novel dual framework that 
integrates time series analysis of patient records and game 
theory to detect MM and makes optimal decisions by 
healthcare executives. The proposed framework is meant 
to create two mutually dependent models: (I) predictive 
early detection models based on the use of LSTM and 
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ARIMA algorithms for the analysis of biomarker data 
series and (II) strategic game-theoretic simulations of the 
Stackelberg and non-cooperative models for optimizing 
decisions regarding healthcare intervention and 
formulating policies. Analysis of authentic longitudinal 
data helps to build an early MM detection model that is 
superior to traditional diagnosis methods. The decision 
framework is based on a game-theoretic approach to the 
interaction between patient and healthcare provider and 
payer, which is used to optimize risk-reduction strategies. 
Clinical case examples are used in the validation process 
to reflect current research that is exploring the 
performance of immunotherapies and socioeconomic 
measures and population health estimates [1, 3, 6, 13]. 

II RELATED WORK 
There have been a number of achievements in MM 
research in both therapy and diagnostics.  Immunological 
treatments, such as CAR-T and bispecific antibodies, offer 
better responses for patients who have relapsed or are 
resistant to multiple myeloma.  The clinical performance 
of BCMA-directed bispecific antibodies was evaluated by 
Adegbayet et al. [1] among patients who had frailty. In 
addition to the research on issues related to precision of 
subject assignment in healthcare, and optimizing treatment 
in real-time, the clinical successes were highlighted.  The 
impact of clonal haematopoiesis on BCMA CAR-T 
therapy response and the complicated molecular processes 
responsible for the inability to accurately predict treatment 
outcomes were explored by Gustin et al. [7].  Scientists 
have started to use biomarker and cytogenetic information 
for personalized medical therapy.  The results of Kim et al. 
[9] reveal that molecular profiling could provide the basis 
for treatment personalization due to the reported role of 
CD4+ T cells in molecular cytotoxic function through their 
engagement with the target cell by binding to NKG2D.  
Current investigations based on static data sources or 
endpoint measurements do not include time-evolving 
clinical factors that could be used to signal early 

progression of illness. The clinical management field now 
provides novel post-treatment counselling resources 
together with policy recommendations.  When applied in 
the context of risk stratification by Banerjee et al. [3] who 
studied current CAR-T off-treatment limits [3], patients 
can make decisions on their quality of life.  Although the 
prediction of temporal clinical information on Multiple 
Myeloma diagnosis and treatment is a little researched 
area, it is still limited by the lack of investigation.  
Although the two-time series machine learning models 
(LSTM and ARIMA) are capable of extracting biomarker 
patterns in paraprotein level and renal function and 
imaging findings prior to the onset of clinical symptoms, 
they are missing from the research.  Existing prediction 
methods are not studied with MM, but are shown to be 
effective in other chronic illness settings.  Modeling of 
MM healthcare systems rarely mentions about the use of 
game theory.  While in other healthcare contexts the 
modelling of strategic interactions between multiple 
stakeholders, such as a patient and his/her physician, and 
between different stakeholders, such as vaccine 
distribution or resource distribution, is relatively well 
developed, research into the modelling of strategic 
relationships between multiple stakeholders – patients and 
their physicians, insurers – is lagging behind.  Behavioural 
and resource availability are both important and should be 
included in any intervention model, as recent 
socioeconomic studies by Mousavi et al. [13] have shown 
differences in incidents of MM across Asian regions and 
access to care patterns.  Bhutani et al. [4] have highlighted 
the need for incorporating social and clinical components 
into decision-support systems in the context of health 
equality.  While advances in treatment options for MM and 
the identification of biomarkers continue, a significant 
unmet need exists for integration of predictive time-series 
analytics and strategic modelling to enable early diagnosis 
and systematic risk-reduction.  To fill this gap, we 
combine data science principles and behavioural game 
theory basics to form a model synthesis for our research. 

 
Figure 1: Advancements in Multiple Myeloma Therapies: A Comprehensive Review by Disease Stage 

 

 



Page: 4 3 2   

RESEARCH PAPER 

*Author for Correspondence: 2281080@kiit.ac.in 

  
 

Figure 1 illustrates the immunotherapeutic interaction in 
multiple myeloma by means of antibody-based therapies 
including bispecific antibodies and CAR-T cells, thereby 
targeting cancer cells. Important cellular processes include 
more proliferation, cytotoxicity, cytokine production, and 
antigen presentation are set off by receptor activation. 
Tumour cells react so by producing more MHC, 
proliferating, and finally dying. ScFVs, antibodies, and 
cytokines help to represent the biological mechanisms 
behind immunotherapy. The therapeutic modelling 
technique described here corresponds with the mechanistic 
results of past investigations [1, 3, 7] and have visual 
support. 

III MATERIALS AND METHODOLOGY 

The malignancy known as Multiple Myeloma presents 
intricate patterns in its temporal disease progression. The 
detection of early stages proves difficult due to 
inconsistent biomarker patterns and variable patient 
responses [1, 3]. The research created a dual-layer 
management system through its design parameters. 
Predictive Layer: Time series forecasting models within 
the Predictive Layer component detect the start and end 
points of MM occurrences. Strategic Layer: Game theory 
allows modeling how healthcare stakeholders make 
choices to maximize uncertain healthcare outcomes while 
using predictive analytics. The research approach included 
four stages: data acquisition followed by time-series model 
development then game-theoretic simulation and 
evaluation with clinical metrics [6, 13]. 

 
Figure 2. Multi-layered modeling pipeline for multiple myeloma progression and strategy optimization 

This Figure 2 illustrates the sequential integration of 
clinical data acquisition, predictive time-series modeling, 
and game-theoretic simulation to predict multiple 
myeloma progression and optimize stakeholder strategies. 
Each layer contributes to a comprehensive framework that 
informs evidence-based policy and treatment evaluation 
using clinical metrics. 

A. Dataset 
This study used the data set chosen for the diagnosis and 
course of multiple myeloma (MM) for clinical and 
behavioural data. Clinically important variables, which 
were associated with MM levels were also included in 
each patient record: M-protein, serum free light chain 
ratio, creatinine, calcium and haemoglobin levels (1, 3, 7, 
[1]). Adherence scores, consultation delay lengths 

(reflecting patient's treatment adherence and seeking 
treatment behaviour), and bone lesion count (reflecting the 
structural disease burden) are behavioural variables. 
Therapeutic modalities that were introduced to define the 
efficacy of the treatment were CAR-T, bispecific 
antibodies (BiAb) and conventional drugs ([1],[6] and [7]). 
The dataset also includes a socioeconomic index including 
variables like education and income, and time since last 
relapse, to allow for the inclusion of a game-theoretic 
health modelling [13, 15]. The data in an input vector for 
the predictive modelling are complemented by a disease 
state annotation for each row: “stable”, “early relapse” or 
“high risk” which will be used for classification tasks. 
This dataset is both well-structured and extensive enough 
to enable complete time series prediction, and can be used 
to model healthcare policies at a patient-level. 

 
 
 
 
 
 

Table 1. Clinical and behavioural features in the multiple myeloma risk modeling dataset 
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This dataset is structured around clinically validated 
indicators and behavioural factors derived from current 
MM research, including CAR-T and bispecific antibody 
therapies, as well as socioeconomic modeling frameworks 
([1], [3], [7], [13], [15]). These criteria are matched with 
risk variables, diagnostic tools, and behavioural indicators 
that have been shown to be important in the development 
and treatment course of MM. 

B. Time Series Analysis for MM Detection 
Let 𝑋௧  be the biomarker value (e.g., M-protein or serum 
free light chain ratio) at time 𝑡. The goal is to forecast 
future values, 𝑋̂௧ା௞, given previous observations: 

𝑋̂௧ା௞ = 𝑓(𝑋௧, 𝑋௧ିଵ, … , 𝑋௧ି௡) 

Two models were applied for this purpose: ARIMA and 
LSTM. 

ARIMA Model 

The 𝐀𝐑𝐈𝐌𝐀(𝒑, 𝒅, 𝒒) model is defined by: 

Φ(𝐵)(1 − 𝐵)ௗ𝑋௧ = Θ(𝐵)𝜖௧ 

𝐵 is the backshift operator, i.e., 𝐵𝑋௧ = 𝑋௧ିଵ, Φ(𝐵) = 1 −
𝜙ଵ𝐵 − ⋯ − 𝜙௣𝐵௣ is the autoregressive (AR) polynomial, 
Θ(𝐵) = 1 + 𝜃ଵ𝐵 + ⋯ + 𝜃௤𝐵௤  is the moving average 
(MA) polynomial, 𝑑 is the order of differencing, 𝜖௧ ∼
𝑁(0, 𝜎ଶ) is the white noise error, For example, if the M-
protein level shows trend and seasonality, a differencing 
step 𝑑 = 1 removes the trend, enabling stationarity. 

LSTM Model: LSTM (Long Short-Term Memory) 
networks handle sequential dependencies: 

Let 𝐗௧ = [𝑋௧ି௡, … , 𝑋௧]. The LSTM computes: 

Cell state update: 𝑐௧ = 𝑓௧ ⊙ 𝑐௧ିଵ + 𝑖௧ ⊙ 𝑐௧ 

Hidden state: ℎ௧ = 𝑜௧ ⊙ tanh (𝑐௧) 

Where 𝑓௧, 𝑖௧, 𝑜௧  are the forget, input, and output gates 
respectively, parameterized with learned weights. These 
update rules recursively pass forward for each 𝑡, 
generating forecasts 𝑋̂௧ା௞. 

Forecast Accuracy & Proof of Validity 

Models were trained on Dataset A and validated against 
actual values. Let 𝑋̂௜ be the prediction and 𝑋௜  the observed 
value: 

RMSE: RMSE = ට
ଵ

௡
∑  ௡

௜ୀଵ  ൫𝑋̂௜ − 𝑋௜൯
ଶ
 

MAE:MAE =
ଵ

௡
∑  ௡

௜ୀଵ ห𝑋̂௜ − 𝑋௜ห 

Baseline (moving average) RMSE was 1.23; LSTM 
reduced it to 0.72 ( 𝑝 < 0.01 ), indicating statistically 
significant improvement, validated using a paired t-test on 
residuals [1], [3], [7], [13]. 

C. Game-Theoretic Model for Healthcare Strategy 
This models the interaction between healthcare providers 
(leaders) and patients (followers) using a Stackelberg 
game. 

𝑎 ∈ 𝐴 : Patient action (e.g., adherence level), ∈ 𝐵 : 
Provider policy (e.g., follow-up frequency, education), 
𝑈௉(𝑎, 𝑏) : Utility function of the patient, 𝑈ு(𝑏, 𝑎) : Utility 
function of the provider 

The Stackelberg objective is: 

max
௕

 min
௔

 𝑈ு(𝑏, 𝑎)  s.t.  𝑎 ∈ arg max𝑈௉(𝑎, 𝑏) 

Patients optimize health-utility trade-offs under 
behavioural influence, Providers anticipate patient 
responses (backward induction) Utilities modeled using 
QALY scores (quality-adjusted life years), cost penalties, 
and consultation lag, Backward induction solved using 
Gambit for Nash Equilibrium computation 

Utility: 

𝑈௉(𝑎, 𝑏) = QALY(𝑎) − Effort(𝑎, 𝑏), 𝑈ு(𝑏, 𝑎)
= RecoveryRate(𝑎) − Cost(𝑏) 

The strategy pair ( 𝑎∗, 𝑏∗ ) satisfies: Patient best-response: 
𝑎∗ = arg max𝑈௉(𝑎, 𝑏∗), Provider optimality: 𝑏∗ =
arg maxmin

௔
 𝑈ு(𝑏, 𝑎) Deviation checks confirmed Nash 

stability with <10% strategy deviation frequency [6], [13], 
[15]. 

IV. RESULTS AND DISCUSSION 
This section describes the output of time series prediction 
and game-theoretic modeling applied to MM progression 
and treatment behaviour, in line with our proposal. 

Time series prediction results: To predict biomarker trends 
(e.g., M-protein, sFLC), we applied ARIMA and LSTM 
models. 
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Table 2. Estimating the accuracy of biomarker trends 

 
The prediction of multiple biomarkers (M-protein, 
calcium, creatinine, and haemoglobin) was performed 
using root mean square error (RMSE) and mean absolute 
error (MAE) metrics. The LSTM model outperformed 
ARIMA and baseline moving average models with 
statistically significant improvements (p < 0.01, paired t-
test). These results confirm the predictive power of 

sequence learning for clinical time-series data, enabling 
early identification of relapse risks in MM progression. 

The ARIMA model effectively removed trend via 
differencing: 

(1 − 𝐵)ௗ𝑋௧ ⇒  stationarity,   where 𝑑 = 1 

The LSTM captured non-linearities in the data sequence: 

ℎ௧ = 𝑜௧ ⊙ tanh (𝑐௧), 𝑐௧ = 𝑓௧ ⊙ 𝑐௧ିଵ + 𝑖௧ ⊙ 𝑐௧ 

The superiority of LSTM is due to its gated recurrence, 
which encodes temporal dependencies beyond lag based 
heuristics. LSTM outperformed ARIMA due to: Non-
linearity in MM progression (non-stationary spikes in M-
protein), Long-term dependencies not captured by 
ARIMA. Game-theoretic simulation results: The 
simulation produced consistent strategic profiles in 1,000 
MM patients under Stackelberg modeling. Results: 

Table 3. Stackelberg game simulation results 

 

Simulation results demonstrate how well the Stackelberg 
game model optimizes healthcare plans across payers, 
providers, and patients. Metrics include system utility 
gain, convergence time, and strategic stability index 
compared to stochastic and fixed methods. The provider-
led Stackelberg model showed improved patient 
adherence, reduced treatment delays, and improved 
general system utility. The results are consistent with 
strategic modeling results from references [6], [13], and 
[15], emphasizing the need for behavioural economics in 
clinical decision frameworks. 

𝑎∗ = arg max𝑈௉(𝑎, 𝑏∗), 𝑏∗ = arg maxmin௔ 𝑈ு(𝑏, 𝑎) 

We verified the Nash equilibrium by checking that no 
unilateral deviation 𝑎ᇱ improved 𝑈௉. Convergence to 
stable ( 𝑎∗, 𝑏∗ ) occurred in <15 iterations for all runs. 
Stability improved significantly using utility-based 

responses. Utility gain reflects better alignment between 
provider policies and patient behaviour. The game-
theoretic model reduced dropout risks and improved 
adherence simulations, especially in lower-income groups 
(ref. [6], [13]). 

Limitations of synthetic datasets: Although the generated 
socio-clinical profiles used in dataset B (cf. [13]) are 
consistent with the literature, they may lack a reflection of 
real-world variability. No real-time feedback loop: 
Although dynamic feedback is still in its early years, the 
models assume predetermined strategic profiles for each 
episode. ARIMA estimates in a linear manner: It is 
difficult to estimate spikes caused by treatment failures or 
significant relapses with ARIMA. 
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Figure 3. Integrated Forecasting and Strategic Modeling for Multiple Myeloma Management 

Figure 3 provides a multi-panel visualization of the 
proposed framework, which includes biomarker trend 
forecasting, strategic equilibrium landscapes from game-
theoretic simulations, and patient-specific risk trajectories. 
The bottom panel illustrates the dual-layer system 

architecture, combining predictive modeling (e.g., 
ARIMA, LSTM) with strategic optimization (e.g., 
Stackelberg games), enabling proactive and personalized 
decision support in clinical oncology. 

 

V. CONCLUSION 
This study was able to draw a few conclusions: clinical 
and behavioural data can be used efficiently to diagnose 
and manage multiple myeloma (MM) by using time series 
prediction models and game-theoretic simulations. Some 
of the most remarkable results include the improved 

accuracy of LSTM over traditional ARIMA in forecasting 
key biomarkers and the increased consistency of the 
strategy and a 27.8% gain in utility achieved by 
representing interactions between healthcare providers and 
patients using the Stackelberg game. Strategic 
optimisation and predictive modelling help to enhance 
decentralised clinical decision-making and behavioural 
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prediction; these have major consequences for the 
deployment of intelligent edge-cloud artificial intelligence 
systems. Research directions should focus on better social-
behavioural simulation with real data, add real data 
feedback loops, and federated models for privacy-
preserving inference in hospitals. 
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