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Abstract

Keeping track of the huge amounts of patient data that are needed to make decisions
and improve results is made possible by healthcare information systems. But it’s hard to
optimize for prediction analytics because healthcare data is getting more complicated
and bigger. It looks into optimization models that find a good mix between being able to
guess accurately, using computers efficiently, and being able to grow. We look at linear and
nonlinear programming, as well as genetic algorithms (GA) and particle swarm optimization
(PSO) and other metaheuristic algorithms. To improve speed and efficiency, hybrid ways are
being considered. Multi-objective optimization is used to find fair, best solutions that help
healthcare settings make better decisions and use their resources more efficiently.
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1. Introduction

Healthcare information systems are becoming more and more important for
organizing and an analyzing large amount of patient data, which helps doctors,
make decisions and improves patient results [1]. However, the need for quick
and accurate forecasts along with the ever-growing amount of healthcare data
makes optimization very difficult [2]. Predictive analytics is a key part of
solving these problems because it helps doctors predict medical events, make
treatment plans work better, and better distribute resources [3]. To get the best
predictive performance, you need complex optimization models that can balance
different goals, like how accurate the predictions are, how quickly they can be
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made, and how well they can be scaled [4, 5, 6]. Traditional methods, like linear
and nonlinear programming, have some uses, but they have trouble with
healthcare data that is complicated and has many dimensions. As strong options,
metaheuristic algorithms such as GA and PSO have grown in popularity. They
can handle nonlinearities and big solution spaces with ease. Hybrid optimization
methods that use the best parts of more than one algorithm can also improve
speed even more [7, 8]. This study looks at different optimization models for
predictive analytics in healthcare information systems. It focuses on multi-
objective optimization to help people make better medical decisions [9].

2. Method Work

2.1. Linear and Nonlinear Programming Approaches

By setting goal functions and limits, both linear and nonlinear
programming methods are used to make forecast models work better as it
illustrate in Figure 1. It helps to find the best ways to handle different types of
healthcare data handling jobs [10, 11].

Linear and Nonlinear
Programming: Approaches
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Figure 1
Linear and Nonlinear Programming Approaches Flowchart

Step 1: Define the decision variables
Let x1, x2, ..., xn be the decision variables.

Step 2: Define the objective function
The objective function to be maximized or minimized is of the form:
Maximize Z = cl1x1 + c2x2 + .. + cnxn (1)

Step 3: Define the non-negativity restrictions
x1,x2,...,xn = 0 )
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Nonlinear Programming Approach (NLP)

Step 5: Define the constraints (Nonlinear)
Nonlinear constraints are of the form:
gi(x1,x2,..,xn) < 0,i = 1,2,..,m 3)
hj(x1,x2,..,xn) = 0,j = 1,2,...,p @)

Step 6: Define the Lagrange multipliers for constraints
Lagrange multipliers are introduced for inequality and equality constraints:
L(x1,x2,..,xn,A1,22, ..., Am, ul, u2, ...,up) = f(x1,x2,..,xn) +
Z‘(Ai gi(x1,x2, ...,xn)) + Z(uj hj(x1,x2, ...,xn)) (5)

Step 7: Solve the first-order conditions
Take the partial derivatives of L with respect to x1, x2, ..., xn, Al, A2, ...,
Am, pl, p2, ..., up, and set them to zero to form a system of equations:
aL

Pl 0k =1,2,..,n (6)
)
Frri 0,i = 1,2,...,m @)
aL .
rPrh 0,j =1,2,..,p (8)

2.2. Metaheuristic Algorithms

Metaheuristic algorithms, such as GA and PSO, provide adaptable and
reliable ways to improve complicated healthcare models and get around
problems in nonlinear, high-dimensional data settings [12, 13].

Initialize Population
Initialize a population of particles, each representing a potential solution:

Py = {p1,p2, - P} ©)
Initialize Velocity
Initialize each particle’s velocity vector:
v; = 0 for all particles (10)
Update Personal Best
Each particle keeps track of its best position (personal best):
Piesty) = argmax f(p;) (1

Update Global Best
The global best is the best position found by any particle:

Gipesty = argmax f (Dipesty)) (12)
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Update Velocity
Each particle updates its velocity using the following formula:
Ui{neW} =wv + oqn (p{best}(i) - pi) + 1y (g{best} - pi) (13)
Update Position
The position of each particle is updated based on the new velocity:
pi{new} = p + 1]L"{new} (14)

Evaluate Fitness of Updated Positions
Recalculate the fitness of the new positions:

f(p;.{ne"’}) = Objective Function(pi{”eW}) 15)

Update Personal Best
If the new position has a better fitness, update the personal best:

if f (Pi{neW}) > f(Prwestio) Prvestyy = P (16)

3. Mathematical Formulation
3.1. Objective Function(s) for Predictive Accuracy and Efficiency

The goal of the objective functions is to make predictions as accurate as
possible while keeping the complexity of the calculations to a minimum. They
find a good mix between how well the model works and how well the resources
are used in healthcare data research.

Define the Objective Function for Predictive Accuracy

The objective function aims to maximize the predictive accuracy. Let
f accuracy be the accuracy of the model:

1 A
faccuracy = (ﬁ) Z( I(yi = Yi)) ()]
Combine Accuracy and Efficiency into a Single Objective Function
ftotal = Wy * faccuracy - Wy * fefficiency (18)

Where:
- w_1 and w_2 are weights assigned to accuracy and efficiency respectively.

Define the Constraints for the Model
x; € [a;,b,Vi = 1,2,..,n
Define the Regularization Term
freg = 2 Z(x{) (19)

This is an example of L_2-regularization.
Objective Function Including Regularization

ftotal = Wy * faccuracy - Wy * fefficiency + freg (20)
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Use Cross-Validation for Estimating Predictive Accuracy

foo = (%) X(Error;)

Final Objective Function

ffinal = Wy * fcv — Wy * fefficiency + f;"eg

Descent, genetic algorithms, or particle swarm optimization

3.2. Multi-Objective Optimization Problem Formulation

1803

21

(22)

The multi-objective optimization problem has more than one goal, like
getting the best results while using the least amount of resources. Constraints are
used to make sure that answers are possible, and trade-offs are thought through

to make the best decisions in healthcare systems.

Define Decision Variables

Letx=(x_1,x 2, ..., x_n) represent the vector of decision variables, where

x_11s the i*{th} decision variable.
Define Objective Functions

fico, fori = 1,2,...,m

Maximize

Minimize

Normalize Objective Functions (Optional)

flrormie) _ (fi- fi{mh%})
i (fi{max}_ fi{mm})

Scalarization of Multi-Objective Problem

Fx) = £(w; * fiw)
Handle Conflicting Objectives

Maximize
Minimize

fl(x)subjectto fi(x) < & fOT' all i

,foralli

Post-Optimization: Analyze the Pareto Front

P = {x"«|f_i(x"*) < f_i(x),forallx € X}

=1,2,..,m (23)
24)

=2,3,..,m (25)
(26)

Where P is the Pareto front, and x** is a Pareto optimal solution.

4. Result Discussion

In Table 1, you can see how the different models compare in terms of how
well they predict, how long they take to run, and how many resources they use.

Table 1
Comparison of Predictive Accuracy and Efficiency across Models
Model Predictive |Computational Resource
Accuracy (%) Time (s) Utilization (%)
Linear Programming Approach 85.2 12.5 453
Nonlinear Programming Approach [88.7 15.3 50.1
Genetic Algorithm (GA) 90.3 20.5 60.4
Particle Swarm Optimization (PSO) [89.5 18.2 58.7




1804 R. R. BORHADE

The Genetic Algorithm (GA) is the most accurate at predicting the future
(90.3%), but it takes the most time to run (20.5 seconds) and uses the most
resources (60.4%), model comparison shown in Figure 2.

Comparative Diagram for Models
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Figure 2
Model Performance Comparison: Predictive Accuracy, Computational Time, and
Resource Utilization

With an accuracy of 88.7%, nonlinear programming strikes a good mix
between using little computing time and resources and getting good results. In
terms of processing time (12.5 seconds) and resource use (45.3%), linear
programming is efficient, but it is less accurate at making predictions (85.2%).

5. Conclusion

For better decision-making and better patient results, it is important to
create optimization models for predictive analytics in healthcare information
systems. Health care data can be hard to deal with, but it can be done with linear
and nonlinear programming, metaheuristic algorithms, and mixed methods.
These optimization models make predictions much more accurate, save time and
money, and can be used on a larger scale. Using multi-objective optimization
together creates a balanced method that leads to better resource allocation and
better healthcare management, which in turn leads to better personalized
treatment plans.
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