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Abstract: Introduction: The S&P consists of eleven business segments, which are classified according
to the type of industry. The current study focuses on developing a non-linear analytical model for the
Healthcare Business Segment (HBS) of the S&P 500, as a function of different economic & financial
indicators. Materials and Methods: The analytical model used six financial indicators together with
four economic indicators to predict the weekly average closing price (WCP) of HBS stocks. Johnson’s SB

transformation corrected skewness, while desirability-based optimization identified indicator values
maximizing WCP. The model’s performance and generalizability were validated through repeated
10-fold cross-validation. Results: All attributable contributors were ranked in accordance with the
percentage of contribution to the WCP. The cross-validated R2s and RMSEs were found to be consistent
across each fold for the proposed analytical model. The R2 (96.74%) and adjusted R2 (96.03%) were
found to be high and consistent for the test (unseen) dataset. Discussions: The analytical modeling
produces vital information that helps investors and portfolio managers, and financial institutions
evaluate healthcare industry investments in the S&P 500. The optimization strategy helps identify
the best controllable factors, which leads to more precise and strategic decision-making Patents: This
paper has also been submitted for a US provisional patent on 31 May 2023 (TTO ref. 23T220PR-CS)

Keywords: healthcare business segment (HBS); financial & economic indicators; analytical optimiza-
tion; desirability function; nonlinear statistical modeling

JEL Classification: I11; B23

1. Introduction
Stock price forecasting stands as a fundamental subject in finance because precise predictions

deliver essential information to investors and policymakers and researchers. The Efficient Market
Hypothesis (EMH) within traditional financial theory states that stock prices contain all available
information thus making systematic prediction challenging. Empirical research has proven that both
financial indicators from individual firms and macroeconomic variables explain stock return variations
thus contradicting the EMH. Predictive modeling of financial markets now focuses increasingly on
combining micro-level firm fundamentals with macro-level economic conditions.

The initial research in this field demonstrated that financial ratios at the firm level play a crucial
role. Fama and French (1992) established through their research that size and value-related factors
including book-to-market ratios explain enduring patterns in expected returns which demonstrates
the predictive strength of company fundamentals [1]. Piotroski (2000) created the F-score to show
that financial health composite measures can identify firms which will perform better in the future
thus validating accounting-based prediction methods [2]. Stock price behavior shows consistent links
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with firm-specific measures including dividend yield and earnings capacity and free cash flow which
indicates that forecasting models depend heavily on fundamental company data.

Research has shown that macroeconomic factors play a crucial role in the same way as the
findings mentioned above. Chen, Roll, and Ross (1986) were among the first to establish a systematic
link between economic forces and stock prices, showing that variables such as inflation, industrial
production, and interest rate spreads significantly influence asset valuations [3]. Later work expanded
on this framework by incorporating measures such as GDP growth, consumer sentiment, and personal
saving rates, thereby capturing the broader economic environment that shapes market valuations
([4,5]). These contributions highlight that stock markets do not evolve in isolation but are deeply
embedded in macroeconomic dynamics.

The Standard & Poor 500 (S&P 500) consists of 500 large-cap companies that are selected based
on size, liquidity, and industry, which are essential to all investors in the stock market. It is one of
the most widely used benchmarks for measuring the performance of large-capitalization, U.S.-based
stocks, which is updated recurrently [6]. Investors meticulously study the S&P 500 to assess the overall
behavior of the stock market. Stock prices are the most distinguishable of all financial measures that
can be used to evaluate the performance of several companies.

The S&P 500 index is prominently recognized as a benchmark for the broader US equities market
and has been the subject of extensive study by investors and researchers ([7,8]). Within this influential
index, the healthcare sector has emerged as an area of significant interest. This industry encompasses a
diverse array of companies engaged in the production and distribution of medical goods, the delivery
of healthcare services, and the development of pharmaceutical and biotechnology innovations. By
analyzing the performance of the healthcare sector within the broader S&P 500 framework, researchers
can uncover valuable insights into the factors driving overall market behavior and the role of the
healthcare industry in shaping broader economic trends.

Healthcare is a major requirement for everyone, or at least almost everyone needs it at some point
in their lives, and when there is something that everybody requires, there’s a massive opportunity for
investors. More than 7.8 trillion is spent on healthcare globally. Approximately half of that total, 3.5
trillion, is spent in the U.S. From 1996 to 2016, total healthcare spending increased from an estimated
$ 1.4 trillion to an estimated $ 3.1 trillion [9]. Because the healthcare sector is developing at a higher
rate than the global economy, these figures will presumably be considerable by the end of the decade.
Exploring the relationship of different stocks within the HBS of the S&P 500 is crucial to grasp the
broader trends and dynamics in the US stock market. Chen et al. explored the dynamic relationship of
returns in the health sector among different stock markets using continuous wavelet analysis. Their
findings revealed that, among the three health care systems studied (the US, UK, and Germany), the
UK and US represent two extremes, as reflected in the distinct patterns of their wavelet power spectra.
This suggests that the structure of a country’s health care system may influence the return dynamics of
its health sector [10].

The healthcare sector is crucial to the overall economy, so its performance can significantly impact
the broader market, and vice versa. Predicting stock prices, particularly for sectors like healthcare
within the S&P 500, presents a significant challenge for investors and financial analysts ([11]). This
difficulty stems from the complex and dynamic nature of financial markets, characterized by non-
stationary behaviors and sensitivity to various economic and financial indicators ([12]). While the
efficient market hypothesis suggests that consistently outperforming the market through prediction is
not possible, research indicates that carefully constructed and optimized predictive models can achieve
meaningful accuracy ([13]). These models often integrate technical analysis, which uses historical price
and volume data, with fundamental analysis, which assesses a company’s financial health and broader
economic conditions ([14]). The healthcare sector, with its unique sensitivity to regulatory changes,
demographic shifts, and technological advancements, offers a compelling case study for predictive
modeling ([15]).
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Previous studies have explored the intricacies of the US healthcare system, examining the re-
lationship between economic growth and healthcare expenditures [16,17]. While there is a wealth
of literature on the US healthcare landscape, limited research has comprehensively analyzed the
connections between economic indicators and healthcare system metrics, as well as strategies for
reforming this vital sector. Stock price maximization [18] is one of the most significant attributes
for value maximization objectives. One of the main goals of this study is to optimize the developed
analytical model that predicts the weekly closing price (WCP) of the healthcare business segment
(HBS) of the S&P 500 as a function of financial & economic indicators. Many researchers and business
analysts strongly believe that dividend yield plays a crucial role in stock returns. Higher stock returns
are now well known to be related to larger dividends, regardless of whether income is taxed more
or less highly than capital gains [19]. One of the most crucial indicators to influence the return is
the price-to-earnings ratio (P/E ratio). Studies [20] have found a direct relationship between price to
price-to-earnings ratio with the stock return, and the returns were changed more by the P/E ratio than
the price/earnings-to-growth (PEG) ratio, and thus, stock returns of firms are more affected by the P/E
ratio than the PEG ratio. Tang and Shum [21] have found a significant relationship between the ups
and downs of individual stock and the beta risk. The Piotroski Score/F Score is another economically
meaningful and statistically significant predictor of the cross-section of international stock returns,
which was developed by Chicago accounting professor Joseph Piotroski, who devised a scale according
to some specific aspects of a company’s financial statements [22]. The Piotroski score [2] is a discrete
numerical score between 0 to 9 that reflects nine criteria used to decide the strength of a firm’s financial
stability. The score is utilized to determine the best value stocks, with nine being the best and zero
being the worst. [23] found that the portfolios formed from companies that rank high on their F-Scores
show higher risk-adjusted returns than portfolios of low F-Scores by utilizing data from the Finnish
stock market. [24] found similar results using the Warsaw Stock Exchange data from 2014 to 2020.
Earnings Before Interest, Taxes, Depreciation, and Amortization (EBITDA) is a measure of a company’s
overall financial performance. EBITDA is the performance measure for valuation, debt contracting,
and executive compensation and was found to perform substantially better in comparison with both
EBITA and EBIT [25,26]. The free cash flow (FCF) is important in determining a company’s cash flow
after deducting the purchase of assets such as property, equipment, and other major investments from
its operating cash flow. Free cash flow is a pivotal metric since it describes how dynamic a company is
at generating cash, which is utilized by the investors to measure if a company might have sufficient
cash, after all the capital expenditures [27]. Numerous empirical and case studies have shown to have
a strong relationship between the macroeconomic variables and the stock prices [28–33]. Lemmon
and Portniaguina [34] have shown that a consumer’s confidence exhibits forecasting power for the
stock return. The Index of Consumer Sentiment (ICS), or economic well-being, was developed at the
University of Michigan Survey Research Center to measure the confidence or optimism (pessimism)
of consumers in their future well-being and upcoming economic conditions. The index measures
short and long-term expectations of business conditions and the individual’s perceived economic
well-being. Evidence [35] indicates that the ICS is a leading indicator of economic activity, as consumer
confidence seems to pave the way for major spending decisions. [36] shows how consumer sentiment
affects consumption expenditures and stock returns in the hospitality industry. The author suggests
that the predictive ability of consumer sentiment can be useful to managers in business forecasting,
planning, and strategizing for profit maximization, since changes in consumer sentiment partly predict
changes in the stock prices of hospitality firms. The US inflation rate is another major metric used
by the US Federal Reserve to estimate the health of the economy and globalization [37]. Significant
dynamic conditional correlations were found between stock price and inflation in the United States
[38]. Albulescu et al. found that, contrary to the well-known Fisher effect, inflation and its uncertainty
negatively affect stock prices in the long run. However, for several sector stock indexes, this negative
impact disappears following the crisis outburst [39].
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The U.S. Personal Saving Rate (PSR) is the personal savings as a percentage of disposable personal
income [40]. In other words, it’s the percentage of people’s incomes left after they pay the essential
expenses. Personal saving habits have a significant impact on an individual’s financial health, as the
lack of financial literacy is a significant deterrent to stock ownership and accumulation of wealth [41].
In structuring the analytical model, the average weekly closing price (WCP) for the 59 healthcare
stocks was considered as the dependent variable (response); thus, the analytical model consists
of the significant contributable variables (indicators) and significant two-way interactions between
the indicators. The validation and quality of our proposed analytical model have been statistically
evaluated using R-squared (R2), R-squared adjusted (R2

adjusted), root mean square error (RMSE), and
ten-fold repeated cross-validation. To the best of our knowledge, no such statistical model has been
constructed to predict the WCP of the healthcare business segment (HBS) of S&P 500 using the
proposed logical framework, along with the optimization strategy, by identifying the optimum levels
of the indicators, with at-least 95% confidence. Therefore, developing an appropriate analytical model
for the HBS of S&P 500 is relevant in the context of economics & financial literature. The development
of the current manuscript is as follows: In section 2, we discuss the development of the analytical
model that predicts the weekly closing price (WCP) as a function of the indicators. Section 2.1 and
Section 2.2 talk about the model diagnostics, and model validation, followed by the analytical method
of optimization of the WCP of the HBS in Section 3. Under Section 4, we present the discussion along
with the graphical representations of the optimization results, followed by the concluding remark in
Section 5.

2. Materials and Methods
The indicators that have been included in our model have significant relevance in the literature

of finance. We have included six financial indicators (the dividend yield (X1), the beta risk (X2), the
price-to-earnings (PE) ratio (X3), the Piotroski F score (X4), earnings before interest, taxes, depreciation,
and amortization (X5), and free cash flow (X6)) and four economic indicators (the US GDP (X7), the
Index of US Consumer Sentiment (X8), the US personal saving rate (X9), and the US inflation rate
(X10)) in our proposed analytical model, along with the significant two-way interactions. Prior to
developing the analytical model for the WCP of the HBS as a function of the different indicators, we
initially check if the response WCP follows a Gaussian probability distribution. From the following
Q-Q plot in Figure 1, we see that the values of the response WCP are positively skewed and do not
entirely follow a Gaussian probability distribution.
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Figure 1. Q-Q Plot Of The Response WCP.

We have also shown through goodness-of-fit (GOF) testing [42,43] (Shapiro-Wilk normality test,
a p-value = 6.4 × 10−11) that the analytical form that drives the WCP does not support the normal
probability distribution. In developing the analytical model, the first objective was to express the
response variable WCP in terms of a non-linear mathematical function of all indicators. The general
analytical form of a model, including all possible indicators (xip: single indicators (main effects),
p = 1, 2, . . . , P) and interactions (xiqxir: two-way interaction terms, where q ̸= r ) can be expressed by:

WCPi = β0 +
P

∑
p=1

βpxip +
P

∑
q=1

P

∑
r=q+1

βqrxiqxir + ϵi (1)

where β0 is the intercept of the model, WCPis are the ith response; βps are the coefficients (weights)
of the main effect of the predictor xip, βqrs are the coefficients for the interaction between predictors xiq

and xir, and ϵi denotes the random disturbance or residual error of the model. As illustrated earlier, the
dependent variable WCP does not support the Gaussian probability distribution; hence, a non-linear
transformation was applied to the response variable to determine if the transformation can be suitable
to adjust the skewed data. After implementing various non-linear transformations to the data, Johnson
SB transformation [44–46] was found to be the most suitable transformation to address the skewed
data problem which is described as follows:

z = γ + δln
( x − ϵ

λ + ϵ − x

)
, ϵ < x < ϵ + λ (2)

where λ is the scale parameter. γ is the 1st shape parameter. δ is the 2nd shape parameter. ϵ is the
location parameter. z is the transformed response.
After plugging in the estimated values of the parameters, we have the transformed response as follows:

TWCP = .18 + 0.5ln
( x − 96.55

56.63 + 96.55 − x

)
(3)

In the above Equation (3), TWCP represents the new response variable (transformed) after Johnson’s
Transformation was applied. The transformed data were tested and found to follow the Gaussian
probability distribution. Thus, we proceed to estimate the coefficients (weights) of the actual indicators
for the transformed data. To develop the analytical model, we initially began with the full statistical
model, which included all ten indicators with two-way interaction terms. Thus, at first, we started
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structuring the model with (n
k) = 45(n = 10, k = 2) potential interaction terms and ten indicators.

To determine the most significant contributions of both the individual indicators and interactions by
eliminating the less important indicators and interactions gradually, the backward elimination method
[47,48] was used that is deemed one of the best traditional methods for a small set of feature vectors to
address the problem of over-fitting and performing feature selection. To obtain better accuracy, the
log transformation of the indicator PE (X3) was used in the model to reduce its high variability. The
statistical analysis indicated that all ten indicators significantly contributed to the response. While
testing the forty-five possible interactions, thirty-one were found to significantly contribute to the
response. The analytical model with significant indicators and interactions for predicting the response
is given as:

T̂WCP =



.0003 − 0.002X1 + .038X2 − .04log(X3)

−0.03X4 − 0.0001X5 + .0034X6 − 0.04X7

−0.26X8 − 0.03X9 − 0.02X10 + .51X1X3

+.01X1X5 − .54X1X6 + .29X1X7 + 8.2X1X8

−.36X1X9 − .35X1X10 − .33X2X3 + .25X2X4

−.88X2X6 − .014X2X10 + .9X3X5 − .2X3X7

+4.96X3X8 + .38X4X5 − .2X4X6 + 5.91X4X7

+1.1X4X8 − 8.38X4X9 − .12X4X10 + .02X5X7

+.33X5X8 + .015X5X9 − .72X6X7 − .13X6X8

−.54X6X9 + .32X6X10 − 5.74X7X8

+9.8X7X10 − 2.2X8X9 + .36X9X10

(4)

The TWCP estimate was obtained from Equation 4 above and was based on the Johnson transfor-
mation [46] [45] of the data; thus, the anti-transformation was implemented to estimate the desired,
predicted values of the average weekly stock price (WCP) as follows:

ŴCP = ϵ̂ +
λ̂

1 + exp
( ̂TWCP−γ̂

δ̂

) .

ŴCP = 96.55 +
56.63

1 + exp
(

̂TWCP−0.18
0.5

) .
(5)

The proposed analytical model will help social researchers, economists, and financial analysts to
understand how the weekly stock price varies when any one of the ten indicators is varied, keeping
the other indicators fixed. Similarly, with significant interactions. Most commonly, it will estimate the
predicted estimates of the response of WCP given the indicators fixed at a specified level. For example,
given, X1 = 1.36, X2 = 1.1, X3 = 48.33, X4 = 6.27, X5 = 3.88, X6 = .94, X7 = 21.046, X8 = 94.04, X9 =

7.86, X10 = 1.694, we obtain the predicted response value as 97.03 (from Equation 5). So, given all the
values of the indicators, fixed at a particular level, the weekly average stock price for all healthcare
stocks is $97.03. Table 1 illustrates the ranking of the indicators and the interactions that contribute to
the response, WCP according to their percentage of contribution from model (4).
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Table 1. Ranking of the Indicators and the Interactions with Respect to the Percentage of Contribution to the
Response WCP; The ∩ Indicates the Interaction between Two Indicators.

Rank Indicators Contr.(%) Rank Indicators Contr.(%)

1 FCF ∩
US_ICS 4.53 21 DIV_YIELD∩

PE 2.41

2 FSCORE ∩
US_INFL 4.15 22 PE 2.35

3 EBITDA ∩
US_ICS 3.89 23 DIV_YIELD∩

FCF 2.27

4 GDP ∩
US_ICS 3.63 24 BETA ∩ PE 2.24

5 PE ∩ US_ICS 3.41 25 BETA ∩ FCF 2.20

6 US_PSR ∩
US_INFL 3.34 26 GDP 2.18

7 FSCORE 3.34 27 FSCORE ∩
US_PSR 2.14

8 EBITDA 3.27 28 US_PSR 2.10

9 BETA ∩
US_INFL 3.07 29 US_INFL 2.07

10 FCF 3.05 30 US_ICS ∩
FSCORE 2.02

11 FCF ∩
US_INFL 3.03 31 DIV_YIELD∩

GDP 1.97

12 DIV_YIELD 2.86 32 PE ∩ GDP 1.95

13 US_ICS 2.71 33 DIV_YIELD∩
US_PSR 1.92

14 EBITDA ∩
US_PSR 2.69 34 FSCORE ∩

EBITDA 1.87

15 BETA 2.66 35 FSCORE ∩
FCF 1.84

16 US_ICS ∩
US_PSR 2.62 36 DIV_YIELD∩

US_INFL 1.82

17 DIV_YIELD∩
US_ICS 2.51 37 GDP ∩

US_INFL 1.75

18 BETA ∩
FSCORE 2.49 38 FSCORE ∩

GDP 1.72

19 PE ∩
EBITDA 2.48 30 FCF ∩

US_PSR 1.63

20 DIV_YIELD∩
EBITDA 2.47 40 EBITDA ∩

GDP 1.62

41 FCF ∩ GDP 1.59

The ranking of the indicators that drive the WCP of the HBS is important to the investor. That
is, monitoring the behavior of the indicators with respect to current existing data can predict the
direction of WCP. Also, the individual healthcare companies that constitute the HBS can utilize the
information to increase their company’s stock value by concentrating on improving the indicators that
contribute most to the WCP. Based on the number of occurrences of each of the ten indicators and
their interactions from model 2, the cumulative percentage contributions have been ranked in Table 2.
The total sum of the fourth column of Table 2 is more than 100 since we have considered the repeated
terms (for example, while determining the percentage of contribution of GDP(X7), we considered the
interaction term X7X1 and other interaction terms with X7 present in model 2. Also, while determining
the percentage of contribution of DIV_YIELD(X1), we considered the interaction term X1X7 and
other interacting terms with X1 present in model 2. The same mechanism was implemented for other
indicators in computing the percentage contributions.
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Table 2. Ranking of the Indicators With Respect to The Percentage of Contribution to The Response Considering
the Number of Occurrences in Model (2), Individually, and Interacting with Other Indicators.

Rank Indicators No. of Occurrence Contr.(%)
1 US_ICS(X8) 8 25.32
2 FCF(X6) 8 20.14
3 FSCORE(X4) 8 19.57
4 US_INFL(X10) 7 19.23
5 EBITDA(X5) 7 18.29
6 DIV_YIELD(X1) 8 18.23
7 US_PSR(X9) 7 16.44
8 GDP(X7) 8 16.41
9 PE(X3) 6 14.84

10 BETA(X2) 5 12.66

2.1. Model Diagnostics

Once the statistical model has been developed, it is important to check the model assumptions by
performing residual analysis. The residual error of the proposed model, that is,

ϵ̂ = residual = observed value − predicted value = y − ŷ (6)

where y and ŷ are the observed and predicted WCP, respectively. ê is the estimated residual error
from the linear fit. If the sum of the residuals equals almost zero, it is assumed that the regression
function is the “best fit.” Also, this ensures an unbiased estimation of the model coefficients. In our
case, the mean residual is 3.8 ∗ 10−18, implying that it is almost zero as required, and attests to the
quality of the developed model. From Figure 2 below, we see that the studentized residuals follow a
normal/symmetric pattern that gives an indication about the model’s unbiasedness (doesn’t favor
over- or underestimation).

Figure 2. Normality of Studentized Residual Plot.

The following figure describes the observed and predicted plot. The plot shows a strong correla-
tion between the observed and the predicted values (correlation coefficient= 0.98, p-value < 0.0001).
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Figure 3. Observed and Predicted Plot.

2.2. Validation of the Proposed Model

To assess the quality of the proposed analytical model, we use both the coefficient of determina-
tion, R2, and adjusted R2, which are the critical criteria to evaluate the model’s performance [49]. For
our final statistical model, the R2 and, adjusted R2 were found to be 96.74%, and 96.03%, respectively.
That is, the developed statistical model explains approximately 96.03% of the variation in the WCP as
a function of the indicators. The Residual Standard Error (RSE) represents the approximate difference
between the observed and predicted outcomes in the proposed model. We obtained an RSE of .21,
which implies that the observed response value differs from the predicted response value by .21 on
average. The analytical model was developed using 80% training data and was validated on the
remaining 20% testing data. In the testing data (validation set), the test error is the average error
that occurs from using the analytical model to predict the response to a set of new observations. It
addresses the consistency and accuracy of the analytical model. Moreover, we performed repeated
ten-fold repeated cross-validation (10 times) [50] [51] [52] [53] for the validation testing. In 10-fold
cross-validation, the training set is divided into ten equal subsets. One of the subsets is taken as the
testing set in turn, and (10-1) = 9 subsets are taken as a training set in the proposed model. The mean
square error E1 is computed for the held-out/validation set. This procedure is repeated 10 times; each
time, a different group of observations is treated as a validation set. This process results in 10 estimates
of the test error, Ei, i = 1, . . . 10. The average error of each set throughout the cross-validation process
is said to be a cross-validated error. Figure 4 below, illustrates briefly the notion of 10-fold repeated
cross-validation, where Ei, i = 1, . . . 10 is the mean square error (MSE) in each iteration and ACVE is
the average cross-validated error.
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Figure 4. Brief Illustration Of Repeated Ten Fold Cross Validation.

In the validation stage, a high R2 and low RMSE attests to the good quality of a model. Also, it
is expected that the cross-validated error (RMSE) and the R2 remain consistent throughout different
repeated folds. The following figure illustrates how the R2 and RMSE vary in the different folds of the
test data.

As Figure 5 illustrates, the R2 is high, and the RMSE remains low for different repeated cross-
validated folds as expected. Hence, we can conclude that the performance of the proposed model is
consistent and robust to new data.

Figure 5. Variation of R2 and RMSE in Different Folds.

3. Analytical Method to Optimize the WCP of the HBS
Investors, academics, and researchers have all shown an interest in stock market trading and

stock price optimization. Numerous algorithms have been created to research market behaviors and
improve forecast accuracy in order to analyze the underlying non-linear properties of stock market
data, which is an intricate procedure. [54] analyzed the superiority of particle swarm optimization
(PSO) for stock portfolio optimization by developing a large number of learning algorithms to study
market behaviors and enhance the prediction accuracy of the models. Gülmez devised an AI-based
metaheuristics approach (Artificial Rabbits Optimization algorithm (ARO)), an optimized deep LSTM

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 27 August 2025 doi:10.20944/preprints202508.2017.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202508.2017.v1
http://creativecommons.org/licenses/by/4.0/


11 of 23

network with the ARO model (LSTM-ARO) to predict stock prices using different evaluation criteria
(MSE, MAE, MAPE, and R2) [55].

To forecast stock values for the upcoming period, a hybrid model integrating eXtreme Gradient
Boosting (XGBoost) [56] [57] and an improved firefly algorithm (IFA) [58] was first presented. In the
second stage, stocks with higher potential returns were selected, and the MV model was employed for
portfolio selection. Using the Shanghai Stock Exchange as the study sample, the authors found the
proposed method to be superior to the traditional ways (without stock prediction) and benchmarks in
terms of returns and risks. Once we have developed a high-quality model that identifies the financial
and economic indicators and their interactions that predicts the WCP with a high degree of accuracy,
we proceed to determine the optimum values of the indicators that will optimize (maximize) the
response, WCP. The analytical process is discussed below.

3.1. Analytical Approach Using the Desirability Function

The process of the desirability function for the optimization of the WCP has been used from the
proposed analytical model. The desirability function approach was initially proposed by Harrington
[59,60], and has been introduced in the literature with respect to Response Surface Methodology (RSM)
[61,62]. The desirability function transforms each of the estimated response Yi(x) to a desirability
value di(Yi), where 0 ≤ di ≤ 1. For an individual response Yi(x), a desirability function di(Yi) takes
on values within [0,1]. di(Yi) = 0, represents entirely an undesirable response Yi and di(Yi) = 1,
represents a completely desirable or ideal response. The value of di(Yi) increases as the "desirability"
of the corresponding response increases. The individual desirabilities are then merged together using
the geometric mean, which gives the overall desirability function, that is,

D = [∏k
i=1 di(Yi)]

1
k ,

where k denotes the number of responses. In our model, k = 1, the WCP.

Depending on whether a particular response Yi is to be maximized, minimized, or assigned a target

value, different desirability functions di(Yi) can be used. A useful class of desirability functions was

proposed by Derringer and Suich, [63]. Let Li, Ui, and Ti be the lower, upper, and target values,

respectively, that are desired for response Yi, with Li ≤ Ti ≤ Ui.

If there is a specific target set up for the response, then its desirability function is given by,

di(Ŷi) =



0 , if Ŷi(x) < Li(
Ŷi(x)−Li

Ti−Li

)s
, if Li ≤ Ŷi(x) ≤ Ti(

Ŷi(x)−Ui
Ti−Ui

)t
, if Ti ≤ Ŷi(x) ≤ Ui

1 , if Ŷi(x) > Ui ,

(7)

where s and t in the above equation determine how important it is to hit the target. For t = s = 1, the

desirability function increases linearly towards the direction of Ti. For s < 1, t < 1, the desirability
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function is convex, and for s > 1, t > 1, the desirability function is concave [63]. Our objective is to

maximize the response, WCP; Thus, the individual desirability function will be,

di(Ŷi) =


0 , if Ŷi(x) < Li(

Ŷi(x)−Li
Ti−Li

)s
, if Li ≤ Ŷi(x) ≤ Ti

1 , if Ŷi(x) > Ti ,

(8)

where Ti and Li are chosen by the investor. We propose the following five-step algorithm to optimize
the response, WCP based on the desirability function method:

1. Develop the statistical model that very accurately predicts the response, WCP, driven by a set of
significant indicators.

2. Obtain the constraints on input indicators, for a < Yi < b and c < Xi < d; Y being the response
and x being the indicators.

3. Define the desirability function(s) di(Yi) for the response(s) based on the optimization objective.
4. Obtain the optimal values of the response by maximizing the desirability function with respect to

the controllable input indicators.
5. Validate the optimization process based on the coefficient of variation R2 and the R2

Adjusted.

3.2. Numerical Results

The non-linear analytical model is a function of six financial indicators and four economic indi-
cators, along with 31 interactions of the indicators. After developing the predictive model, the next
goal was to optimize (maximize) the response WCP to obtain the optimum values of the indicators at
which the response was being maximized, utilizing constrained optimization. The analytical method
of optimization required the constraints of optimization, as presented in Table 3 for the ten indicators.
These constraints were the lower and upper boundaries of each of the ten indicators. In the optimiza-
tion technique, the optimized response WCP was found to be within its domain, given the specific
values of the indicators.

Table 3. Constraints On The Indicators Showing the Lower and Upper Limits.

Indicators Constraints

Div_Yield(X1) 1.02 < X1 < 1.45
Beta(X2) .84 < X2 < 1.28
PE(X3) 36.57 < X3 < 90.5

FSCORE(X4) 3.55 < X4 < 6.67
EBITDA(X5) 3.88 < X5 < 4.24

FCF(X6) .55 < X6 < 1.11
US_GDP(X7) 19.8 < X7 < 21.15
US_ICS(X8) 91.2 < X8 < 101.4
US_PSR(X9) 6.7 < X9 < 8.3

US_INFL(X10) 1.55 < X10 < 2.95

Using Equation (8) of Section 3.1, we can maximize the estimated response from Model (5)
and obtain the optimum values of all ten indicators. The following Table 4 provides the estimated
maximum response WCP along with the optimum values of the indicators.
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Table 4. Estimated Maximized Response with Optimum Values of the Indicators.

Response & Indicators Optimum Values

WCP(Estimated) $155
Div_Yield 1.24

Beta 1.06
PE 63.53

FSCORE 5.11
EBITDA 4.06

FCF .832
US_GDP 20.5
US_ICS 96.3
US_PSR 7.5

US_INFL 2.61

Thus, with these values of economic and financial indicators, we are at least 95% certain that the
response WCP will be optimized. Furthermore, we can track the numerical behavior of the indicator
to determine the direction of WCP. The following Table 5 provides the values of R2, R2

Adjusted, and
desirability value along with the 95% confidence and 95% prediction interval of the estimated response,
WCP.

Table 5. Some Useful Results Related to the Optimized Response.

Estimated Maximized Value $155
Desirability 1

R2 98.84%
R2

Adjusted 97.85%
95% CI (139.57, 170.43)
95% PI (139.06, 170.94)

Thus, with almost 97.85% accuracy, the optimum values of the individual indicators for which
the response has been estimated as $155. We are 95% confident that the true average weekly closing
price (if we were to repeatedly sample and model under the same conditions) lies between $139.57
and $170.43, given the set of indicators. Also, We are 95% confident that an individual future weekly
closing price (not just the average) will lie between $139.06 and $170.94 when the financial indicators
are at their optimal values. This information can be useful to investors to develop desired strategies by
monitoring the behaviors of the financial and economic indicators of the Health Segment of the S&P
500.

4. Discussion
The use of different analytical modeling techniques using empirical evidence can assist in identify-

ing the crucial financial and economic indicators significantly contributing to a firm’s creditworthiness
risk [13,64,65]. Moreover, economic modeling can be utilized to evaluate the operational efficiency of
the stock markets and their influence on the broader economic system [66]. Using a similar approach
from the healthcare sector (XLV), Chakraborty & Tsokos devised an analytical technique to identify
and optimize the stock price based on low beta risk, high dividend yield, and high yearly percentage
return criteria [67]. In the present study, a non-linear analytic model that identifies the most significant
indicators and the associated interactions responsible for the ups and downs of the 59 healthcare stocks
was developed and validated with a high degree of accuracy. Furthermore, the significant indicators,
along with their significant interactions, were ranked with respect to the percent of contribution to the
WCP, as shown in Table 1. Evaluating and prioritizing financial and economic metrics are essential
for gaining insights into the overall state and functioning of an economy [68]. These indicators offer
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valuable information that can guide policymakers, investors, and researchers in their decision-making.
Ranking the significant indicators also helps in monitoring the economic & financial performances
over time, hence assisting in evaluating the strategies, and policies [69].

From Table 1, the highest contributing attribute was found to be the combination of the indicators
FCF (X6) and US_ICS (X8), contributing 4.53% of the total variation to the response, WCP. The next
significant contribution is also an interaction term that is the combined effect of FSCORE (X4) and
the US_INFL (X10) with a contribution of 4.15% to the response, WCP. Numbers 3, 4, and 5 are
respectively the combined interaction of EBITDA (X5) and US_ICS (X8), the interaction between GDP
(X7) and US_ICS (X8), and the interaction between PE (X3), US_ICS (X8) with the contribution of
3.89%, 3.63%, and 3.41%, respectively. Summing all these indicators up, we identify that they explain
approximately more than 96% of the total variability to the response, WCP. The top three highest
individual contributors, according to the number of occurrences in Model (2) were found to be US_ICS
(X8), FCF (X6), and FSCORE (X4), respectively, accounting for 25.32%, 20.14%, and 19.57% of the total
contribution to the response, WCP. In the ever-evolving and intricate landscape of financial markets,
optimizing stock prices has emerged as a paramount concern for investors, analysts, and policymakers.
It is also essential to generate consistent and dependable returns for investors. According to the
efficient market hypothesis, stock prices encompass all available information, rendering it arduous
to persistently outperform the market [70]. Nonetheless, the expanding availability of data and
the advancements in computational capabilities have empowered researchers to investigate more
efficacious approaches to forecasting stock price fluctuations [71]. The substantial volatility of stock
prices, which is affected by a multitude of financial and economic indicators, can cause significant
obstruction in effective market navigation for investors [72]. By determining the optimal levels of
crucial indicators, investors can address the economic uncertainties, and devise some robust investment
strategies that can be instrumental in minimizing risk and maximizing returns. Utilizing an optimized
analytical process, optimal values of six financial and four economic indicators were computed from
the proposed model that maximizes the response, WCP. From an analytical standpoint, these indicators
reflect a company’s financial health, market stability, and broader economic context. By employing
model-based optimization to quantify their effects, stakeholders can uncover practical insights into
which financial levers are most effective in boosting short-term stock performance. This method is
especially beneficial in the healthcare sector, where the market exhibits considerable sensitivity to
policy changes, innovation, and macroeconomic trends. Such discoveries can subsequently inform
investment strategies, guide capital allocation, and enhance risk management, all specifically adapted
to the unique dynamics of this particular market segment. The desirability value from Table 5 indicates
that the estimated fit is most desirable/ideal. Moreover, the performance of the model was validated
from a 10-fold repeated cross-validation (section 2.2) to mitigate any overfitting problem [73,74]. The
inclusion of both the 95% confidence interval (CI) and the 95% prediction interval (PI) in Table 5
adds critical interpretive value to the estimated WCP derived from the desirability function approach.
While the point estimate of $155 provides a central value under optimal financial conditions, the 95%
CI quantifies the uncertainty around this estimate, offering a range within which the true average
stock price is likely to lie. This is particularly important for analysts and decision-makers seeking
to understand the precision of the model’s prediction. On the other hand, the 95% PI reflects the
expected variability in actual future weekly stock prices, providing a more realistic range for forecasting
individual outcomes. This distinction is crucial for risk management and investment planning, as
it helps stakeholders assess not only the likely return but also the potential fluctuation in stock
performance under similar financial settings. Table 6 demonstrates the list of some of the arbitrarily
selected observed and predicted responses from our data-driven non-linear analytical model. It can
be seen clearly that the predictions are very close to the actual observed values and thus attest to our
model’s high performance and predictive power.
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Table 6. Observed and Predicted Responses.

Observations Observed Predicted
1 155 156
2 152 150
5 151 149
6 148 148

13 141 145
19 144 145
20 143 146
28 139 144
29 138 144
36 149 145
37 150 144
38 149 145
39 152 148
40 153 148
41 153 155

Observations Observed Predicted
63 136 141
64 135 137
72 153 148
73 154 148
81 143 147
82 142 147
83 140 141

127 131 131
148 123 126
212 111 111
213 111 112
252 104 104
255 104 107
256 105 104
272 98 100

The analytical model successfully integrates fundamental elements of firms with broader macroe-
conomic factors that affect stock market performance. The research supports Fama and French (1992)
and Chen, Roll, and Ross (1986) by showing that firm-level ratios and macroeconomic variables
explain stock price behavior [1,3]. The research of Rapach & Zhou (2013) and Hou, Xue, & Zhang
(2015) demonstrates how financial and economic indicators improve predictive power, which supports
the dual influence of micro- and macroeconomic factors on stock prices. The repeated cross-validation
method used to evaluate model accuracy follows modern financial econometrics standards, which
enhances both model robustness and general applicability [5,75]. The proposed model demonstrates
high predictive accuracy, which builds upon existing research while offering practical forecasting
capabilities to investors and portfolio managers, and policymakers who need dependable tools that
analyze multiple stock price determinants.

The proposed model can be used by financial portfolio managers, investors, and researchers
to select stocks from the health segment of S&P 500 in accordance with the wishes of their clients.
Widespread application of such analytical models may enhance price discovery, improving how
accurately prices reflect available information. Finally, the study focuses on developing a real data-
driven analytical predictive model, and optimization process based on the healthcare business segment
(HBS) of S&P 500 that performs robustly on the testing data and predicts the weekly closing price
(WCP) of HBS with a high degree of accuracy. We summarize the following important information
and the usefulness that the proposed model offers.

1. The individual, and interacting financial and economic indicators that significantly contribute
to the price behavior of the healthcare business segment (HBS) of S&P 500 were identified via
analytical modeling.

2. The individual and interacting attributes were ranked with respect to their percentage of contri-
bution to the WCP of the HBS of S&P 500. The precise ranking might be helpful in improving the
forecasting models by incorporating accurate and robust predictions regarding future economic
and financial market conditions.

3. The developed non-linear analytical model was validated, and found to be consistent with (R2 =
96.74% and adjusted R2 = 96.03% ) the test dataset, justifying the model’s applicability to any of
the other eleven segments of S&P 500.

4. The analytical optimization process (using the desirability function) was utilized to determine
the optimal values of the indicators that maximize the WCP of the HBS. These values were
determined with at least 95% confidence.
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5. Finally, two and three-dimensional contour and surface plots were developed, based on the
behavior of the values of the financial indicators that maximize the WCP of the HBS. These
plots can be used strategically to monitor the behavior of WCP as the significant values of the
indicators change.

The above information is essential to individual investors, portfolio managers, and financial institutions
who might be interested in investing in the healthcare stock of S&P 500. Respective health companies
can utilize the usefulness of the proposed model for their financial & economic strategic planning,
their competitive standing among the health segment companies, and monitoring and predicting their
financial status, among other uses.

5. Concluding Remark
The stock price behavior of each of the eleven sectors of S&P is driven by distinct indicators. Some

indicators might have some common effect on some of the sectors, but it is not true for each of the
eleven sectors. Following the analytical modeling pathway described in this study, researchers can
construct an analogous modeling framework by considering the associated indicators accountable for
influencing the stock price behavior of any of the eleven sectors of S&P 500 at different time periods,
which can guide the financial analysts to focus more on the relative performance of the sector, and
areas for improvement. Moreover, the modeling, and optimization mechanism can be extended for
any individual stock from any specific sector to obtain the same important results described in the
manuscript.

The derived usefulness of the proposed model is essential for constructive, robust, and accurate
decision-making concerning the financial and economic aspects of the healthcare industries. The
analytical model can assist in prioritizing indicators based on their importance, and help policymakers,
investors, and businesses in informed decision-making. By identifying the most significant contributors
along with the interactive effects, it is possible to focus on those factors responsible for the growth
of the firm. Identifying the most influential factors via analytical modeling and identifying their
optimum levels can be helpful in optimizing resource allocation, ensuring the efforts and investments
are directed toward areas with the most influence.
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Appendix A
Appendix A.1 Graphical Visualization of the Optimization Results

One important aspect of the optimization results is to assist investors in obtaining three-
dimensional views of the directional behaviors of the identified indicators as they affect the response,
WCP. Response surface plots (contour and surface plots) were generated to understand how the
desired values of the response and optimum conditions vary for any two indicators, keeping the others
fixed at the desired level [76]. In a contour plot, the response surface is observed as a two-dimensional
plane where all the points that have a similar response are connected to create contour lines of constant
responses [77]. A surface plot generally exhibits a three-dimensional view that may provide a clearer
picture of the response’s behavior (WCP). Since the four economic indicators are not controllable, we
will not include those plots and only focus on the combination of six financial indicators included in
the model (3) of Section 2. In this section, we will illustrate different contour and surface plots that will
help investors to understand the nature of the relationship between any two of the indicators and the
response (WCP). The following six plots (Figures 5–10) describe the variation of the estimated response
WCP with the variation in any single or two indicators, keeping the others fixed at a particular level.
The usefulness of these visual representations can be interpreted as follows:
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Maximizing stock prices and maximizing corporate profit are essential goals for any company [78].
Both are needed for a company to flourish, and both reflect the overall health and future prosperity
of the company. The objective of healthcare companies is to maximize the price of their stocks to
comply with their shareholders’ wishes. The stock price is the discounted sum of all future cash
flows. Thus, it reflects all the consequences of any decision a company takes at present. Even if it is
a current measure, it also reflects the future. So, stock price maximization is vital for shareholders’
wealth [79]. Any financial investor willing to invest in the healthcare segment of S&P 500 may use
the following visual representations to select the stocks based on the interacting behavior of any
two financial indicators, keeping the other fixed at the desired level. Since maximizing stock price
accounts for the maximization of shareholders’ wealth, financial managers of a particular healthcare
firm belonging to S&P 500 may be interested in looking at the specific ranges of the indicators at which
the response, WCP, is maximized. The plots also provide the numerical ranges of the indicators within
which the response WCP has increasing/decreasing behavior. These pieces of information are vital to
the managers and financial analysts of the companies to make strategic decisions regarding the overall
financial health and long-term viability of the company.
From the following graph, we see that the estimated response, WCP, is maximized when Div_Yield is
more than approximately 1.3, and PE is more than approximately 82, keeping all other indicators fixed
at a desired level. Also, as we keep on decreasing the Div_Yield up to 1.1 and keep increasing the PE
up to 70, WCP keeps on increasing. This finding may be explained by the fact that with the increase in
the price-to-earnings (PE) ratio, the price-to-dividends ratio rises as well, thus lowering the dividend
yield.

Figure A1. Showing the Contour Plot(left) and Surface Plot(right) of The Estimated Response Surface as Div_Yield
and PE Varies Keeping Other Indicators Fixed at a Specific Level.

Figure A2. Showing the Contour Plot (left) and Surface Plot (right) of The Estimated Response Surface as
Div_Yield and FCF Vary, Keeping Other Indicators Fixed at a Specific Level.
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Figure 7 above describes how the response WCP changes with the variation of Div_Yield and FCF.
The response WCP is maximized (light green region, $120-$160) where FCF remains approximately
within the interval [.9,1] throughout the range of Div_Yield. The WCP has an increasing pattern with
the increase of FCF. Any financial investor willing to invest in the healthcare segment of S&P 500 may
use the above visual representation to select the stocks whose FCF falls within the specified range.

Figure A3. Showing the Contour Plot (left) and Surface Plot (right) of The Estimated Response Surface as Beta
and PE Vary, Keeping Other Indicators Fixed at a Specific Level.

Figure 8 above describes how the response WCP changes with the variation of Beta and PE. The
response WCP is maximized ($140-$160) where Beta remains approximately less than .95 and PE
remains approximately more than 71. There is an increasing pattern in WCP with increasing PE ratio
and decreasing Beta risk. Hence, we can infer that the response is maximized when the Beta risk is low
and the PE ratio is high.
Figure 9 illustrates that the estimated WCP is maximized in the region where Beta lies approximately
below .91 and FSCORE lies approximately at 5.5 and below. Also, WCP has an increasing pattern as
we keep on decreasing Beta gradually.

Figure A4. Showing the Contour Plot (left) and Surface Plot (right) of The Estimated Response Surface as Beta
and FSCORE Vary, Keeping Other Indicators Fixed at a Specific Level.

From the following Figure 10, we see that the estimated response WCP is maximized in the region
where Beta lies approximately below 1.17 and FCF lies approximately within the interval [0.8, 1]. WCP
keeps on increasing with the increase of FCF, and it gets maximized as Beta decreases.
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Figure A5. Showing the Contour Plot (left) and Surface Plot (right) of The Estimated Response Surface as Beta
and FCF Vary, Keeping Other Indicators Fixed at a Specific Level.

Figure 11 below describes how the response WCP changes with the variation of FSCORE and
FCF, keeping other indicators at the desired level. The response WCP is maximized, where FCF
remains approximately within the interval [.95,1.05] throughout the range of FSCORE. WCP attains its
minimum value in the region where both FSCORE and FCF are low (deep blue). Gradually it increases
with the increase in both indicators as desired.

Figure A6. Showing the Contour Plot (left) and Surface Plot (right) of The Estimated Response Surface as FSCORE
and FCF Vary, Keeping Other Indicators Fixed at a Specific Level.

Although financial and economic indicator-based stock price optimization models provide in-
vestors and portfolio managers with insightful information, their use has notable limitations. These
models might suffer from overfitting, reliance on lagging or incomplete data, and difficulty capturing
qualitative or unexpected market events. Model accuracy may also be compromised by crowd-driven
trading patterns, behavioral factors, and regulatory changes. Furthermore, questions concerning fair
access and transparency are raised by the growing usage of intricate or opaque algorithms. As a
result, even if these models might improve market efficiency and decision-making, their results should
be carefully comprehended and reinforced by sound risk management techniques and professional
judgment.

Appendix B Supplementary Material

The dataset that was used to build our analytical model was obtained from Yahoo Finance (https:
//finance.yahoo.com/, and the indicators were combined together from the U.S Bureau of Economic
Analysis (https://www.bea.gov/, and the US Bureau of Labor Statistics (https://www.bls.gov/). The
information (closing price) on the 59 stocks belonging to the HBS, was put together with the financial,
and economic indicators to structure the dataset for analysis. In structuring the weekly database of
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the index, we collected weekly information about the indicators for all 59 companies listed in the
Healthcare Sector Index of the S&P 500 and averaged the weekly data of each indicator corresponding
to these companies. The following price chart is based on the 59 healthcare stocks of the S&P 500. Our
data includes the information from 01/01/2012 to 12/31/2018.

Figure A7. Price Chart of The 59 Health Care Stocks.
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