
©

Interdisciplinary applications of mathematics in healthcare systems

Vasundhara V. Ghorpade *
Department of Community Medicine
Krishna Institute of Medical Sciences
Krishna Vishwa Vidyapeeth (Deemed to be University)
Karad 415539 
Maharashtra
India

Suhas Gupta †

Centre for Research Impact and Outcome (CRIO)
Chitkara University
Rajpura 140401
Punjab
India

Chinmay Chandrakar  §

Department of Computer Science and Engineering
Rungta College of Engineering and Technology
Rungta International Skills University 
Bhilai 490024
Chhattisgarh 
India

Subramanian Karthick  ‡

Department of Computer Engineering 
Vishwakarma Institute of Technology 
Pune 411037
Maharashtra 
India

*	 E-mail:	drvasundharaghorpade@gmail.com (Corresponding Author)
†	 E-mail:	suhas.gupta.orp@chitkara.edu.in
§	 E-mail:	chinmay@rungta.org
‡	 E-mail:	karthick.sb@vit.edu

Journal of Interdisciplinary Mathematics
ISSN: 0972-0502 (Print), ISSN: 2169-012X (Online)
Vol. 29 (2026), No. 10,  pp. 3161–3172
DOI : 10.47974/JIM-2827

http://www.tarupublications.com
http://dx.doi.org/10.47974/JIM-2827


3162� V. V. GHORPADE ET AL.

Vinay Shivajirao Nalawade @

Department of Artificial Intelligence & Data Science Engineering
S B Patil College of Engineering 
Indapur 413106
Maharashtra 
India 

Kumel K. Nagori  #

Faculty of Engineering 
Gokul Global University 
Sidhpur 384151
Gujarat 
India

Abstract
In the contemporary healthcare landscape, mathematics is integral, offering systematic 

solutions and frameworks for modeling biological processes, analyzing clinical data, 
optimizing treatment strategies, and informing medical decision-making. This study looks at 
interdisciplinary uses of mathematical tools in healthcare systems with particular emphasis on 
mathematical modelling, differential equations, dynamical systems, physiological modelling, 
pharmacokinetics and healthcare data analytics. Mathematical models are used to capture 
cardiovascular and physiological processes, and used to quantitatively analyse their complex 
interactions and disease progression. Differential equations can be used in simulation of time-
dependent clinical condition, and pharmacokinetic modeling is helpful in estimating the dosages 
of effective drugs and planning a therapy. In addition, mathematical optimization, probability 
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Abstract  
In the contemporary healthcare landscape, mathematics is integral, 

offering systematic solutions and frameworks for modeling biological 
processes, analyzing clinical data, optimizing treatment strategies, and 
informing medical decision-making. This study looks at interdisciplinary 
uses of mathematical tools in healthcare systems with particular emphasis 
on mathematical modelling, differential equations, dynamical systems, 
physiological modelling, pharmacokinetics and healthcare data analytics. 
Mathematical models are used to capture cardiovascular and physiological 
processes, and used to quantitatively analyse their complex interactions 
and disease progression. Differential equations can be used in simulation of 
time-dependent clinical condition, and pharmacokinetic modeling is helpful 
in estimating the dosages of effective drugs and planning a therapy. In 
addition, mathematical optimization, probability and statistical analysis are 
used to improve the management of resources in healthcare and clinical 
decision making.  

Subject Classification: 12H20. 
Keywords: Mathematical modeling, Healthcare systems, Differential 

equations, Physiological modeling, Pharmacokinetics, Healthcare data 
analytics. 

 
 
 
 
 
 
 

I. Introduction  
The complexity of healthcare systems has been on the rise as a result 

of rising population, new development of diseases, technological 
advancements, and the continuous generation of clinical data. To enable 
quantitative representation, prediction, optimization and evaluation of 
healthcare processes in a systematic way, mathematics offers tools to tackle 
these complexities [1, 2, 3]. It has several applications across different 
disciplines such as disease modelling, physiological analysis, medical 
imaging, pharmacokinetics, epidemiology, healthcare resource allocation 
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and clinical decision making. Biological and medical phenomena can be 
described as mathematical models, and these models can be analyzed to 
gain understanding of the relationships between important clinical 
variables [4, 5]. Differential equations and dynamical systems can be used 
in a particularly valuable way for modelling physiological phenomena that 
change over time, such as the dynamics of the cardiovascular system, 
disease progression, reaction to treatment, and concentration of drugs in 
the body. The analysis of uncertainty, patient variability, diagnostic 
outcomes and clinical evidence are all supported by probability and 
statistics [6, 7]. Optimization techniques help in the efficient scheduling of 
hospital resources, resource utilization, treatment planning and allocation 
of medical facilities [8, 9]. Additionally, mathematical methods coupled with 
data analysis in the healthcare domain can be used to extract meaningful 
patterns from various medical data such as electronic health records 
(EHRs), lab values, physiological indicators, and population health data sets 
[10]. The merging of mathematics with medicine, computer science, 
engineering and data science has enhanced the predictive and personalized 
medicine. Mathematical models can help clinicians assess the different 
treatment options, the risks involved and make better-informed decisions 
based on evidence [11, 12].  

II. Mathematical Foundations for Healthcare Systems 
From a mathematical perspective, the processes of healthcare, 

complex interactions, clinical outcomes and medical interventions and 
operations in health care can be mathematically represented, analysed and 
explained, and the systems can be mathematically evaluated [13]. 

A. Mathematical Modeling and Simulation 
Mathematical modeling and simulation can be used to represent the 

biological or clinical process in a computational system, allowing the 
investigator to explore the system behavior, assess treatment options, make 
predictions and minimize experimental limitations effectively [14]. 
   ( )    ( ( )    )  (1) 

This can be done mathematically as seen in equation (1) where the 
outcomes of healthcare are expressed as a function of the system variables, 
model parameters and time, which can be used to represent complex 
clinical processes and interactions flexibly. 

      √*( 
 )  (        )(      ) +  (2) 

The prediction error in equation (2) quantifies the differences 
between observed and predicted outcomes of healthcare, and is used to 
provide a quantitative measure of the general predictive performance of the 
model. 
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   ( )           √[  ( )]  (3) 
The physiological response is modeled by an exponential decay and 

input-dependent response in equation (3) for modeling temporal changes 
and nonlinear effects of clinical or biological variables in healthcare 
systems. 
                (     )  (4) 

The states of the healthcare system are changed over a set of discrete 
time intervals based on current conditions, external inputs and dynamic 
functions, allowing simulation of a sequence of evolutions of clinical 
processes. 

      √* (        )  (      )
 +  (5) 

Finally, equation (5) is a way to measure how far the observed health 
outcome of treatment deviates from the desired outcome, with weights 
assigned to each deviation, which can be used to test the performance of the 
treatment in reducing clinical errors, and to help optimize the treatment. 

          √[ (        )(      )
 

 (        )(     ) 
]  (6) 

The normalized prediction deviations against observed variability in 
Eq. (6) indicate the overall model accuracy and predictive agreement with 
observed variability, and quantify comprehensively the reliability of the 
healthcare model. 

B. Differential Equations and Dynamical Systems 
Modeling temporal changes of physiological variables, disease 

progression and drug responses, as well as stability analysis, prediction and 
understanding of complex healthcare processes, through differential 
equations and dynamical systems. 
    ( )

     ( ( )  ( )  )  (7) 
The temporal evolution of the variables of the healthcare system are 

described in equation (7) according to the current state, external inputs and 
the time, thus offering a flexible framework for clinical system modelling. 
    

      (    
 )   (8) 

    
      (    

 )       (9) 
The Equation (8) models the physiological growth when limited 

capacity exists-growth rate will decrease gradually closer to carrying 
capacity, which is suitable to simulate the behavior of biological 
populations over time. Equation (9) incorporates the growth and recovery 
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effects and can be used to quantify the severity, progression and therapy 
response of disease at any time with high accuracy. 
    

     √       (10) 
The growth and decay process shown in Equation (10) involves 

nonlinear physiological changes, which depend on the roots, and 
proportional decay, due to the changing healthcare environment, that 
accurately reflects the complex biological responses and equilibrium 
behavior. 
    

              (11) 

    
               (12) 

The changes in the first interacting healthcare variable due to intrinsic 
growth and interaction effects is represented by the term of equation (11), 
which shows the dynamics of coupled biological components as a function 
of their interactions. The equation (12) encodes the temporal evolution of 
the second type of healthcare variable, which is modeled by an interaction-
driven growth and natural decay, thus allowing to analyze quantitatively 
the interaction between two healthcare processes related to physiology or 
to diseases. 

III. Mathematical Modeling of Disease and Clinical Processes 
Disease and clinical process modeling uses medical mechanisms to 

create mathematical relationships that can be quantitatively studied to 
learn about how the disease progresses, how patients respond, the 
effectiveness of the interventions, and what the potential clinical outcomes 
are with the disease. 

A. Cardiovascular and Physiological System Modeling 
Cardiovascular and physiological models mathematically describe the 

blood flow, heart behaviour, pressure fluctuations and interactions between 
organs, allowing for the assessment, simulation, diagnosis and individual 
treatment planning of patients with diseases. 

As shown in Figure 1, patient data, mathematical modeling, simulation, 
validation and feedback are integrated to aid in cardiovascular analysis and 
healthcare decision-making processes. 
           (13) 

The equation (13) represents blood flow as the ratio of the pressure 
difference and the vascular resistance, so that the blood flow and the 
performance of the cardiovascular system can be assessed quantitatively 
under conditions. 
                  (14) 
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Figure 1 

Mathematical Modeling and Simulation Framework for Cardiovascular and 
Physiological Healthcare Systems 

 
Equations (14) describes a proportional relationship between mean 

arterial pressure and cardiac output and systemic vascular resistance which 
is important in quantifying cardiovascular function and circulatory stability. 

      √*(      )
 +  (15) 

It is estimated from the pressure difference and the blood flow of the 
vessels, that the cardiovascular response is estimated by equation (15) by a 
relationship with roots, and that the physiological variations and vascular 
resistance can be assessed nonlinearly quantitatively. 
   ( )        (      ) ( )    (16) 

For physiological processes, it is important to obtain a continuous 
evaluation of the changes in the circulatory system, and that is possible 
with the equation (16) because the blood volume accumulated over time is 
calculated by integrating the flow rate over time and adding it to the initial 
volume. 

      √[ (      )[ ( )     ]   ]  (17) 

The physiological energy deviation calculated from equation (17) 
involves a quantitative assessment of the cardiovascular workload and 
dynamic stability, which is based on the squared variations of the pressure 
and a square root. 
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B. Drug Dosage and Pharmacokinetic Modeling 
Pharmacokinetic models estimate the absorption, distribution, 

metabolism and elimination of a drug, which allows for a proper estimation 
of the dosage, prediction of drug levels, therapeutic optimization and 
minimization of adverse effects of treatment between patients. 
   ( )           (18) 

The elimination behaviour and equation (18) for the decline of drug 
concentration over time support estimation of the changes in therapeutic 
concentrations after drug administration within patients. 
    

         (19) 
Equation (19) describes the removal of the drug as a function of the 

concentration at which it is present, which allows quantitative assessment 
of the drug elimination kinetics and the temporal drug pharmacological 
action in patients. 
         (      ) ( )    (20) 

The cumulative drug exposure (20) represents an integration over 
time of the concentration, which is an important pharmacokinetic 
parameter used to accurately assess bioavailability, therapeutic efficacy and 
drug dosing strategies. 

          √
 
  

  (21) 

      √[ (      )  ( )  ]  (22) 

In equation (21) the initial dose of the drug is modified according to a 
relationship with the patient's weight that is based on the root, thus 
allowing the estimation of the dosage individual to each patient while being 
able to take into account differences from one patient to another in a good 
way. What is measured by equation (22) is total exposure of the drug, as it 
is a function of the square of the concentrations of the drug and a square 
root, it is a quantitative measure of cumulative pharmacokinetic intensity 
over treatment periods. 
   ( )  (  

  
)    * (    )  +  (23) 

Drug concentration can be described by the dosage, distribution 
volume, clearance and time as presented in Equation (23) and represents a 
simplified pharmacokinetic model for drug disposition and elimination in 
patients. 

IV. Mathematics for Healthcare Data Analytics and Decision-Making 
Mathematical statistics, probability, optimization, and computational 

methods are used to study healthcare data, look for patterns and 
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relationships, measure uncertainty, forecast medical risks, and enhance 
evidence-based medical decision-making in order to provide better 
healthcare. 
   ̄   (  )  (        )    (24) 

Equation (24) computes the mean of the clinical measurements from 
the observations of the patients; it is a typical central value used in 
summarizing the elements of the healthcare and for statistical analysis on 
datasets. 

         √*(  ) (        )(      ) +  (25) 

This evaluation of the performance of the models for healthcare can be 
done with the help of equation (25), which measures the prediction error as 
the square root of average squared differences between the observed and 
predicted values. 
   (   | )    

*      (     (        )    )+
  (26) 

   ( )    (      ) ( )    (27) 
Using logistic transformation, Equation (26) estimates the probability 

of a given clinical outcome based on several clinical variables, and can be 
used to classify a patient's risk and guide clinical decision-making 
processes. This equation (27) is used to compute the accumulated 
healthcare risk, by integrating the instantaneous risk over time, allowing 
for the quantitative assessment of the patients' vulnerability and the 
progression of adverse clinical conditions to be assessed continuously. 

      √[ (      )[ ( )    ( )]   ]  (28) 

The cumulative prediction deviation (CPD) calculated in equation (28) 
is a measure of the cumulative differences between actual and predicted 
outcomes when squared and integrated over time, thus providing a 
measure of clinical decision accuracy over time. 
              (      )[ (   )     (   )]   (29) 

Equation (29) determines the best clinical choice, optimizing the total 
cost of treatment and risk over time, and enables effective, patient-centred 
and mathematically-driven health care management strategies. 

V. Result and Discussion 
The results show that mathematical tools enhance the clinical 

prediction, physiological interpretation, dosage optimization and 
healthcare decisions, while integrated modeling increases the accuracy, 
efficiency and reliability for various use cases.  
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Table 1 
Performance of Mathematical Models for Healthcare System Applications 

Healthcare 
Application 

Model 
Accuracy 

(%) 

Prediction 
Error (%) 

Computational 
Efficiency (%) 

Reliability 
(%) 

Cardiovascular 
Modeling 94.82 5.18 91.46 93.75 
Disease Progression 
Modeling 92.67 7.33 89.84 91.92 
Physiological System 
Modeling 95.31 4.69 92.73 94.56 
Drug Dosage 
Optimization 96.18 3.82 94.21 95.47 
Clinical Risk Prediction 93.76 6.24 90.65 92.84 
Healthcare Resource 
Optimization 94.25 5.75 95.16 93.68 

 
Table 1 shows good performance of mathematical models in a variety 

of health care applications. The model with the highest accuracy was drug 
dosage optimization at 96.18% and the highest reliability was 95.47% with 
the lowest prediction error of 3.82%.  

 

 
Figure 2 

Comparative Accuracy Analysis of Mathematical Models Across Healthcare 
Applications 

 
The accuracy of the model for various mathematical applications in 

healthcare are compared in Figure 2. Physiological system modelling was 
also found to be quite effective with an accuracy of 95.31%. The 
computational efficiency of 95.16% was achieved for the case of healthcare 
resource optimization.  
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Figure 3 

Comparative Performance Analysis of Mathematical Models Across Healthcare 
System Applications 

 
Figure 3 shows differences in performance of mathematical 

applications in healthcare modelling. To a lesser extent, disease progression 
modelling was less accurate and efficient. In conclusion, the findings 
highlight the predictive accuracy and efficiency of these models, while also 
showing their potential for application in healthcare decision-making 
scenarios. 

VI. Conclusion  
This research work emphasises the relevance of mathematics for 

various interdisciplinary fields of research in the modern healthcare system 
to advance the analysis, modelling, prediction and management of 
healthcare systems. Mathematical modelling and simulation offer 
structured ways of modelling complex biological and clinical processes and 
differential equations and dynamical systems are used to describe the 
evolution in time of physiological processes and disease progression. 
Cardiovascular models are used for quantitative assessment of physiologic 
functions while pharmacokinetic models are used to help optimize drug 
dosage and therapeutic efficacy. In addition, mathematical tools such as 
statistical analysis, probability, optimization, and computational techniques 
play a crucial role in healthcare data analytics, allowing for the accurate 
interpretation of clinical data and informed decisions. Combining 
mathematical methods in medicine, engineering, data science increases the 
prediction accuracy, treatment plans, utilization of resources, and clinical 
efficiency. Adaptive Mathematical Models with real-time patient 
information should be designed for intelligent applications in healthcare in 
future. 
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