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ABSTRACT

The healthcare sector is highly sensitive to financial fluctuations and psychological factors. Notably, during crises
like the COVID-19 pandemic, decision-makers in this sector must consider macroeconomic data and the crises’
effects on financial markets. This study aims to assess the impact of psychological factors and market actors’
expectations on the healthcare sector. In analyzing the determinants of the MSCI World Healthcare Index,
psychologically based economic indicators, the MSCI Volatility Index, and the Consumer Confidence Index were
utilized as independent variables. The impact of these psychological factors was modeled using the IBk, K-Star,
and LWL algorithms from the lazy learning models. The analysis utilized daily data spanning from January I,
2020, to September 30, 2024, a period marked by heightened uncertainty due to the COVID-19 pandemic. The
decrease in the MSCI Healthcare Index was predicted with 95% accuracy using LWL, 86% with K-Star, and 68%
with IBk. The increase was predicted with 23% accuracy using LWL, 35% with K-Star, and 50% with IBk.
Performance and error analysis determined that the K-Star algorithm is the most effective method for evaluating
the effects of psychological factors in the healthcare sector. The algorithms demonstrated low accuracy in the
uptrend class but high accuracy in the downtrend class. This indicates that while the models are effective in
predicting adverse market conditions, such as crises and crashes, their ability to accurately forecast positive
market movements remains limited. The findings of the study emphasize the critical importance of considering
psychological factors, such as volatility and the consumer confidence index, in making effective decisions in
dynamic and crisis-sensitive markets, particularly in sectors like healthcare.
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OZET
Saghik sektorii, finansal dalgalanmalara ve psikolojik faktorlere karsi hassas bir yapidadir. Ozellikle COVID-19
salgini gibi kriz donemlerinde bu sektordeki karar vericiler makroekonomik verileri ve krizlerin finansal piyasalar
tizerindeki etkilerini goz oniinde bulundurmalidr. Bu dogrultuda, c¢alismada, psikolojik faktorler ve piyasa
aktorlerinin beklentilerinin saglhk sektorii tizerindeki etkilerinin degerlendirilmesi amaglanmistir. MSCI Diinya
Saghk Endeksi'nin belirleyici unsurlarimin analizinde, psikolojik temelli ekonomik gostergeler olan MSCI
Volatilite Endeksi ve Tiiketici Giiven Endeksi bagimsiz degiskenler olarak kullanilmistir. Bu psikolojik faktorlerin
MSCI Saghk Endeksi iizerindeki etkisi tembel ogrenme modellerinden IBk, K-Star ve LWL algoritmalari
kullamilarak modellenmistir. Analizde, COVID-19 salgini nedeniyle belirsizligin arttigi 1 Ocak 2020 - 30 Eyliil
2024 tarihleri arasindaki giinliik veriler kullaniimistir. Analiz bulgularina gore MSCI Saghk bakim endeksinin
diigtisii LWL algoritmasiyla %95, K-Star algoritmasiyla %86 ve IBk algoritmasiyla %68 dogruluk orani ile
tahminlenirken; yiikselisi LWL algoritmasiyla %23, K-Star algoritmasiyla %35 ve IBk algoritmasiyla %50
dogruluk orani ile tahminlenmektedir. Performans ve hata bulgularina gére, K-Star algoritmasinin psikolojik
faktorlerin saglhk sektoriindeki etkilerini degerlendirmede en etkili yontem oldugu belirlenmistir. Algoritmalarin
yiikselis siifindaki dogruluk oram diisiik, diisiis sinifindaki dogruluk orani ise yiiksek bulunmustur. Bu durum,
modellerin olumsuz piyasa kosullarini, krizleri ve ¢okiisleri dogru sekilde ongérebildigini; ancak olumlu piyasa
hareketlerini 6ngormede daha diisiik dogruluk oranwyla simirli kaldigini gostermektedir. Calismanin bulgulart,
saglik sektorii gibi dinamik ve krizlere duyarl piyasalarda dogru kararlar alabilmek igin volatilite ve tiiketici
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giiven endeksi gibi psikolojik faktorlerin de goz oniinde bulundurulmasimin olduk¢a onemli oldugunu
gostermektedir.
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INTRODUCTION

The increasing integration of financial markets due to globalization has led to the incorporation
of national financial markets into the global system, resulting in more complex dynamics. This has
resulted in the dissolution of the unbreachable barriers between financial markets, causing local markets
to be more influenced by global effects. During crises, effectively managing the responses of the
healthcare market to fluctuations becomes crucial (Choi & Jung, 2022). Many healthcare organizations
have been forced to make significant strategic decisions due to the impacts of fluctuations; these
decisions often lead to solutions such as changes in service prices or the cessation of unprofitable
services (Dranove et al., 2013). At this point, it is essential for healthcare sector actors to be aware of
the need to respond more quickly and effectively to market fluctuations.

The increase in financial fluctuations within the healthcare sector has gained more attention,
particularly with the exacerbation of sectoral impacts during crises. The Covid-19 pandemic deeply
affected the globalization and integration processes within the healthcare sector, creating new risks for
investors due to demand fluctuations in healthcare services, supply chain issues, and rapid changes in
government policies (IMF, 2020; Ugakkus & Arslan Cilhoroz, 2022; Akbal, 2020). This crisis has shown
that healthcare decision-makers must consider not only macroeconomic data related to health but also
the financial market impacts of health crises.

The Lucas Critique emphasizes that basing economic analyses and forecasts solely on historical
data can be misleading, as the expectations of economic decision-makers and market participants can
change over time (Lucas, 1976; Siklar, 1992). The COVID-19 pandemic has concretely demonstrated
this situation, initiating a period where expectations and risks in the healthcare sector evolved rapidly.
Therefore, it is crucial to examine whether, in financial analyses within the healthcare sector, not only
macroeconomic indicators but also psychological factors and the expectations of market actors play a
decisive role. In this context, the study aims to assess the impact of both macroeconomic indicators and
psychological factors, along with market participants' expectations, in the healthcare sector. While
analyzing the key elements of the MSCI World Healthcare Index, economic indicators such as the MSCI
Volatility Index and the Consumer Confidence Index were used as variables. Thus, the impact of
psychological factors on the World Healthcare Index, within the framework of the Lucas Critique, has
been modeled using machine learning algorithms with daily data from January 1, 2020, to September
30, 2024, covering the broadest available range that encompasses the uncertainty caused by COVID-19.
The findings provide insights into the dynamic relationship between the healthcare sector and economic
and psychological indicators, offering strategic guidance for both investors and policymakers.
Moreover, they contribute a new perspective to the limited literature on these relationships.

The study comprises four sections. The first section investigates whether the healthcare sector is
influenced by psychological factors, as posited in the Lucas Critique. The second section reviews prior
research on the effects of the Volatility Index and the Consumer Confidence Index on stock markets,
establishing the conceptual framework. The third section models the movements of the MSCI World
Healthcare Index using IBk, K-Star, and LWL lazy learning algorithms, with the MSCI Volatility Index
and the Consumer Confidence Index serving as financial and psychological indicators. Finally, the
fourth section discusses the findings and compares them with the existing literature.

1. LITERATURE

The Volatility Index, also referred to as the fear index or fear gauge in both national and
international theoretical and empirical studies, is a risk perception indicator that provides investors with
insights into market expectations of downturns and upturns (Saglam & Kargin, 2023; Jung, 2016;
Osterrieder et al., 2019). The Consumer Confidence Index, on the other hand, offers information about
the economic tendencies of individuals and society, providing a foundation to assess the potential future
direction of these tendencies (Islam & Mumtaz, 2016). Numerous studies examine the effects of the
volatility index and consumer confidence index on stock market indices. These studies can be grouped
into those analyzing the relationship between the volatility index and stock indices (Kula & Baykut,
2017; Kaya & Coskun, 2015; Bayramoglu & Abasiz, 2017; Ogel & Findik, 2020; Tuncay, 2021;
Bayrakdaroglu & Kaya, 2021; Onem, 2021; Tungel & Giirsoy, 2020; Basarir, 2018; Miinyas, 2022;
Bouri, Graddeojevic & Nekhili, 2024; Shah, 2024; ilter & Aksoy, 2024), the relationship between the

Selguk Universitesi Sosyal Bilimler Meslek Yiiksekokulu Dergisi, Yil: 2025 Cilt: 28 Say1: 1



98 Modeling the Financial and Psychological Dynamics in the Healthcare Sector Using the Lazy Learning Algorithms

Consumer Confidence Index and stock indices (Emre & Dinara, 2024; Giil, Yildirnm & Hattapoglu,
2024), and the relationship among volatility, the consumer confidence index, and stock indices
(Sadeghzadeh, 2018; Tayar & Aktas, 2024; Kumar & Bouri, 2024; Cetinoglu, Ko¢ & Capraz, 2024;
Han, 2024).

The relationship between volatility and stock markets has been a prominent area of research in
the finance literature. Krein & Fernandez (2012) have highlighted the risk-reducing effects of volatility
index products. Sarwar (2012) has stated that there is a strong negative correlation between the VIX and
stock returns in BRIC countries. Chang, Hsieh & McAleer (2016) identified the adverse short-term
effects of the VIX on European ETF returns. Kula & Baykut (2017) showed a long-term relationship
between the XKURY and VIX indices using the ARDL method. Kaya & Coskun (2015) and Kaya
(2015) found that the VIX index negatively affected the BIST 100 index using cointegration and error
correction models. Bayramoglu & Abasiz (2017) and Ogel & Findik (2020) analyzed volatility
spillovers using VAR-EGARCH models and demonstrated the effects of the VIX on stock market
indices. Studies using the DCC GARCH method, such as Kutlu & Tiirkoglu (2023), identified both
short- and long-term relationships between stock indices of fragile five countries, excluding IDX, and
the VIX, while Onem (2021) found time-varying, positive, and strong relationships between most BIST
indices and VIX returns. Iltas & Giizel (2021) found that the VIX and CDS spreads have an impact on
stock market indices using the Fourier Toda-Yamamoto causality test. These studies show that there are
robust and reliable outcomes from the several approaches taken to explain how volatility and confidence
indicators affect financial markets.

Conversely, the relationship between the consumer confidence index and stock market
performance has significant outcomes. Ottoo (1999) found a positive relationship between the Wilshire
5000 index and the consumer confidence index, while Fisher & Statman (2003) noted that an increase
in confidence could reduce stock returns. Brown & Cliff (2004) stated that there is a positive relationship
between trust and stock returns. Singal (2012) argued that confidence is successful in predicting future
returns, while Liu (2015) found that an increase in confidence makes the market more liquid. Barisik &
Dursun (2021) examined the relationships between the economic confidence index, stock, exchange
rate, and gold, revealing both symmetric and asymmetric relationships with the BIST100 index. Kamisl
& Meri¢ (2024) investigated the interplay between the economic confidence index, consumer
confidence index, real sector confidence index, and BIST sector indices through the application of the
Fourier Toda-Yamamoto causality test. Their findings revealed that only a few sector indices displayed
causal relationships with the economic, consumer, and real sector confidence indices.

There are also a few studies that investigate both the impact of the consumer confidence index
and volatility on stock market indices. Sadeghzadeh (2018) argued that in the short term, the effects of
fear and confidence indices on the stock market were in line with theoretical expectations, while in the
long term, the fear index had a reducing effect and the confidence index was more effective in the short
term. Tayar & Aktas (2024) examined the impact of confidence and expectation indices, which are
factors of investor confidence, on investment decisions in Turkey and the U.S. According to volatility
models, while expectation and confidence variables did not have a significant impact on BIST100
investments, they observed significant effects on other investment vehicles. Kumar & Bouri (2024)
studied the effects of changes in consumer confidence, economic policy, financial market uncertainty,
and oil market uncertainty on the returns and risks of the United Kingdom's travel and leisure stock
index. The canonical regression and CoVaR measurements showed that consumer confidence and
uncertainties had a stronger effect on the left tail of travel and leisure index returns. Additionally, they
observed significant upward and downward extreme risk spillovers from excessive movements in
consumer confidence and uncertainty indices. Han (2024) investigated the impact of fear and confidence
factors on investor behavior in Turkey’s financial markets. The study revealed long-term relationships
between the consumer confidence index, VIX fear index, and the BIST100 index.

Prasad et al. (2023), Dixit et al. (2013), Prasad et al. (2022), and Campisi, Muzzioli, and De Baets
(2024) modeled the directions of indices using machine learning algorithms. Prasad et al. (2023), in
various machine learning models, predicted the daily movement of the India VIX with 63% to 65%
accuracy. Campisi et al. (2024) applied machine learning algorithms to forecast the information content
of volatility indices, achieving over 60% accuracy in predicting the future direction of the stock market.
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Prasad et al. (2022) modeled the impact of macroeconomic variables on the CBOE VIX using machine
learning, achieving an accuracy score of 62%. Dixit et al. (2013) used an artificial neural network
(multilayer perceptron) on a dataset of only four years to train and forecast the India VIX, producing
models with accuracy scores ranging from 57% to 61%. Overall, studies in the field show that accuracy
values of 57% and above are generally accepted when using machine learning algorithms.

In conclusion, a review of the existing literature reveals that while there is evidence supporting
the relationship between volatility and consumer confidence indices in capital markets, studies that
model the direction of the capital market index using these indicators are limited. Current research
predominantly analyzes the effects of the volatility index or the consumer confidence index through
econometric methods. Although recent studies have incorporated machine learning models such as
logistic regression and random forest (Gupta, Nel & Pierdzioch, 2023; Campisi, Muzzioli & De Baets,
2024), these investigations primarily focus on the US stock markets and emphasize comparing model
applicability. This study offers a novel perspective by examining the relationship between the volatility
index, the consumer confidence index, and the MSCI World Healthcare Index. By employing the 1Bk,
K-Star, and LWL algorithms, which are rooted in the lazy learning method, this research provides a
comprehensive evaluation of the interplay between these factors. Furthermore, it explores whether
psychological factors and market actors' expectations play a pivotal role in the financial analysis of the
healthcare sector. Consequently, this study significantly contributes to the literature by emphasizing the
importance of not only macroeconomic indicators but also psychological factors in financial forecasting.

2. MODEL AND FINDINGS

The Lucas Critique argues that the behavior and expectations of economic actors change over
time, and therefore, basing economic analyses solely on past data can be misleading. The healthcare
sector, especially during uncertain periods like the COVID-19 pandemic, provides a suitable domain for
adopting this approach due to the changing expectations and risk perceptions. This study aims to enhance
the accuracy of financial analyses in the healthcare sector by evaluating not only macroeconomic
indicators but also the impact of market actors' expectations and psychological factors. In this context,
the MSCI World Healthcare Index (MSCI, 2025a) has been modeled using lazy learning-based
algorithms, namely K-Star, IBk, and LWL, in data mining, incorporating variables including the MSCI
Volatility Index (MSCI, 2025b) and the Consumer Confidence Index (OECD, 2025).

Lazy learning is a machine learning method that delays the generalization of training data until it
is needed (Hormozi et al., 2012). This approach offers advantages such as lower training costs, increased
efficiency through reuse of solutions, and the ability to produce abstract explanations. Additionally, lazy
learning, also known as instance-based learning, is well-suited to dynamic datasets and increasing
learning tasks due to its ability to adapt to new data (Aha, 1992; Wilson & Martinez, 2000; Kartal, 2020;
Birattari, 1999). Instance-based learning models have the capability to adapt to previously unseen data.
In other words, instance-based learning models can either store a new instance or discard existing old
instances. Models like lazy learning perform classification by comparing an instance to previously
classified examples. The lazy learning algorithm called IBk (Instance-Based k) is a k-nearest neighbor
classifier (Fentie, Alemu, & Shankar, 2014; Vijayarani & Muthulakshmi, 2013). It is one of the most
commonly used methods in example-based learning. IBk evaluates the k nearest neighbors to determine
the class or value of a new instance, typically using Euclidean distance or other similarity measures
(Vijayarani & Muthulakshmi, 2013). The flexibility of the IBk algorithm, which allows for varying
values of k and different distance measures, enhances its adaptability. IBk is particularly effective when
working with large datasets and has a wide range of applications (Aydemir, 2019). The K-Star algorithm,
in particular, is an instance-based learning algorithm designed to classify each instance into the class
with the nearest average (Vijayarani & Muthulakshmi, 2013). Unlike other classifiers, this algorithm
uses an entropy-based distance function that calculates the average complexity of the transformation
between instances (Cleary & Trig, 1995; Shannon, 1948; Kartal, 2020). When classifying, K-Star
considers the sum of the probabilities of all elements within a class and selects the one with the highest
probability (Piramuthu & Sikora, 2009; Painuli, 2014). LWL (Locally Weighted Learning) is a lazy
learning method that constructs a local regression model for each new prediction. This algorithm focuses
only on the observations within a specific region rather than the entire dataset when making predictions,
applying weighted linear regression in that region (Schneider & Moore, 2000; Atkeson, Moore &
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Schaal, 1997). LWL is particularly effective in modeling nonlinear relationships, offering a more
flexible model by conducting separate calculations for different subsets of the data.

In this study, the MSCI Volatility Index and the Consumer Confidence Index were used as
independent variables for the lazy learning algorithms. The dependent variable is the increase and
decrease signals of the MSCI World Healthcare Index, calculated based on the previous day's data. The
dataset consists of 1,239 daily observations from January 1, 2020, to September 30, 2024, covering the
broadest available range that encompasses the uncertainty caused by Covid-19. The data is secondary
data published by MSCI and OECD. Of the observations, 1,177 (95%) were used for training the
algorithm, while 62 (5%) were reserved for testing. The analysis was carried out using the IBk, K-Star,
and LWL algorithms, all based on the lazy learning method.

The IBk, K-Star, and LWL algorithms were assessed using performance criteria such as accuracy,
precision, sensitivity, and F-score. Accuracy, a measure of the model's overall performance, is calculated
by dividing the sum of true positive and true negative predictions by the total number of observations
(Aydemir, 2019; Noutfia & Ropelewska, 2024; Sabanci, Aslan, Ropelewska, & Unlersen, 2022). A high
accuracy rate indicates that the model generally makes successful predictions. Precision is calculated by
dividing the number of true positive predictions by the sum of true positive and false positive
predictions. It evaluates the percentage of correctly identified positive events among those predicted to
be positive. This metric helps reduce the impact of false positive forecasts. A high precision rate
indicates that the model generates more reliable results by minimizing false positive errors (Aydemir,
2019; Noutfia & Ropelewska, 2024; Sabanci, Aslan, Ropelewska, & Unlersen, 2022). The number of
true positive predictions divided by the sum of true positives and false negatives gives the sensitivity,
often referred to as recall. This metric evaluates how effectively the model identifies actual positive
cases. Sensitivity is particularly important in imbalanced datasets, where false negatives can
significantly impact model performance. A high sensitivity rate indicates that the model successfully
detects positive class occurrences (Aydemir, 2019; Noutfia & Ropelewska, 2024; Sabanci, Aslan,
Ropelewska, & Unlersen, 2022). The F-score is derived by computing the harmonic mean of precision
and sensitivity (Aydemir, 2019; Noutfia & Ropelewska, 2024; Sabanci, Aslan, Ropelewska, &
Unlersen, 2022). By considering the trade-offs between sensitivity and precision, this metric provides a
fair assessment of model performance and ensures a more comprehensive analysis, especially when
addressing false positive and false negative predictions. In this context, Table 1 presents the performance
metrics of the models developed to predict the direction of the MSCI World Healthcare Index, based on
the MSCI Volatility Index and the Consumer Confidence Index, using the 1Bk, K-Star, and LWL
algorithms.

Table 1. Model performance metrics*

Comparison Matrix Performance Metrics

Algorithm Decrease | Increase AClass Accuracy |Precision | Sensitivity | F-score
ccuracy
o,

IBk pecrease 2 T s | e | 4% 52%
0
o,

K-Star glecc:ee;ie ?; 3 ggof’ 65% | 86% 65% 74%
0
o,

LWL | rese | 3T | o | 4% | 9% | % | s
0

* The data presented in the table were calculated by the authors based on secondary data sourced from MSCI (2025a), MSCI
(2025b), and OECD (2025).

According to the findings from the IBk algorithm presented in Table 1, the overall accuracy of
the model was determined to be 57%. This accuracy rate represents the proportion of correct predictions
made by the model across all classifications. Given that an accuracy value above 57% is considered
acceptable in the literature, the model developed using the IBk algorithm can be regarded as acceptable
(Campisi, Muzzioli & De Baets, 2024; Prasad, Bakhshi & Guha, 2023; Bai & Cai, 2024; Prasad et al.,
2022; Kartal, 2020; Shyam & Vinayak, 2020; Dixit et al., 2013). The model's precision was calculated
to be 68%, indicating that it is relatively reliable in predicting positive classes with a low number of
false positives. The sensitivity was determined to be 42%, which measures how well the model identifies
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true positive examples. A sensitivity rate of 42% suggests that the model misses some positive examples.
The F-score of the model is 52%. When examining the comparison matrix, the accuracy rate in the
decrease class is reported as 68%, reflecting the model's moderate success in correctly classifying
positive examples within this class. In contrast, the accuracy rate in the increase class is 50%, indicating
that the model performs moderately in this class as well.

When examining the performance metrics of the K-Star algorithm presented in Table 1, the
overall model accuracy was found to be 65%. This accuracy rate is considered acceptable according to
the literature. The model's precision was reported as 86%, indicating that it is reliable in predicting
positive classes, with a low number of false positives. The sensitivity was determined to be 65%, which
suggests that the model has a strong ability to recognize positive classes. The F-score of the model was
calculated as 74%. Additionally, when the comparison matrix is examined, it is observed that the model
achieves an accuracy rate of 86% in the decrease class. This high accuracy indicates that the model
performs well in the decrease class. However, the accuracy rate in the increase class is lower, at 35%,
suggesting that the model does not perform adequately in this class.

Finally, when evaluating the performance metrics of the LWL algorithm, as presented in Table 1,
the overall model accuracy is determined to be 48%. This accuracy rate represents the proportion of
correct predictions made by the model across all classifications, and it is well below the 57% threshold
considered acceptable in the literature. The precision value is 95%, which is relatively high, indicating
that the model is reliable in predicting positive classes with a low number of false positives. The
sensitivity is determined to be 40%, revealing that the model tends to miss some positive examples. The
F-score of the model is calculated to be 57%. When examining the comparison matrix results, it is
observed that the accuracy rate of the model in the decrease class is 95%, indicating that the model
performs very well in this class. However, the accuracy rate in the increase class is quite low at 23%,
suggesting that the model does not perform adequately in this class.

The performance of the models is directly related to the number of examples correctly or
incorrectly assigned to a class. In this study, the classification success of the IBk, K-Star, and LWL
algorithms was evaluated using the mean absolute error, mean squared error and Kappa statistic.

Mean Absolute Error (MAE) is calculated by averaging the absolute differences between the
predicted values and the true values. It is a statistical metric used to assess the accuracy of a model's
predictions, and its formula is given in Eq. 1 (Kiiciikdnder, Vursavus & Uckardes, 2015; Ogunsanwo,
Kuti, Aiyelokun, & Alaba, 2024; Chicco, Warrens & Jurman, 2021).

N
1 .
MAE = N E ly: — il (1)

i=1
where N is the number of data points, y; is the true values, and y; is the predicted values.

Mean Squared Error (MSE) is a widely used measure to evaluate the performance of a model and
measures the average of the squared differences between the predicted values and the actual values. The
formula for MSE is given in Eq. 2 (Chicco, Warrens & Jurman, 2021).

N
1
MSE = NZ(%’ —¥)? 2)

where N is the number of data points, y; is the true values, and y; is the predicted values.

The Kappa statistic is a measure that evaluates the agreement between the model's predictions
and the actual results, ranging from -1 to 1. A Kappa statistic value calculated using Eq. 3 that is close
to 1 indicates a high level of agreement between the model's predictions and the actual values, whereas
a value close to 0 suggests that the agreement is due to chance (Cohen, 1960; Kilig, 2015; Ispir & Aybek,
2022; Bitek, Uludag & Kurban, 2024; Landis & Koch, 1977).

PO_Pe
“T1-p ®)
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where, P, represents the observed agreement rate between the predicted and actual values, while P,
denotes the expected agreement rate based on chance.

Landis & Koch (1977) divided the range [—1,1] into sections to interpret the Kappa statistic.
Accordingly, a Kappa statistic less than 0 indicates worse agreement than expected by chance. A value
in the range [0.01,0.20] signifies insignificant agreement, [0.21,0.40] indicates poor agreement,
[0.41,0.60] represents moderate agreement, [0.61,0.80] corresponds to good agreement, and [0.81,1]
denotes very good agreement. Accordingly, the error statistics of the models developed to predict the
direction of the MSCI World Healthcare Index, based on the MSCI Volatility Index and the Consumer
Confidence Index, using the IBk, K-Star, and LWL algorithms, are presented in Table 2.

Table 2. Error statistics

Algorithm Kappa Statistic MAE MSE
IBk -17% 57% 75%
K-Star 15% 49% 49%
LWL -20% 50% 50%

The Kappa statistic for the IBk algorithm is -17%, indicating that the model performs worse than
random guesses. The MAE is 57%, and the MSE is 75%. These values suggest significant errors in the
model's predictions, reflecting its low performance. The Kappa statistic for the K-Star algorithm is 15%,
indicating a minimal level of agreement. The MAE is 49%, and the MSE is also 49%, suggesting
moderate errors in the model's predictions. Finally, the Kappa statistic for the LWL algorithm is -20%,
indicating that the model performs worse than random guesses. The MAE is 50%, and the MSE is 50%,
which also indicates moderate errors in the model's predictions.

CONCLUSIONS

The healthcare sector is significantly influenced by global economic changes and crises. Events
like the COVID-19 pandemic have disrupted the sector's financial stability. During such periods, it
became evident that healthcare sector participants must be aware not only of health-related economic
data but also of changes in financial markets and their psychological impact on market actors.

The Lucas Critique emphasizes that economic analyses based solely on historical data can be
misleading, as market participants' expectations evolve. This view suggests that traditional economic
modeling methods are limited, and more dynamic analytical approaches are needed. Particularly during
crises, considering the interactions between financial and psychological factors within the healthcare
sector can lead to more accurate results. The goal of this study is to give a more in-depth look by looking
at how psychological factors, market expectations, and macroeconomic indicators affect changes in the
healthcare sector's finances. In this context, the independent variables used in this study are the MSCI
Volatility Index and the Consumer Confidence Index. The dependent variable consists of the increase
or decrease signals of the MSCI World Healthcare Index, calculated based on the previous day's
performance. The dataset includes 1,239 daily observations of both dependent and independent
variables, spanning from January 1, 2020, to September 30, 2024. This period covers the broadest
available range, including the uncertainty caused by the Covid-19 pandemic. The data used in this study
are secondary data published by MSCI (2025a), MSCI (2025b), and the OECD (2025). Of the 1,239
observations, 1,177 (95%) were used for training the algorithm, while 62 (5%) were used for testing.
The analysis was conducted using the 1Bk, K-Star, and LWL algorithms, a lazy learning method.

When examining the performance metrics of the lazy algorithm models, the K-Star algorithm
demonstrates the highest overall performance with an accuracy rate of 65%. The IBk algorithm shows
medium-level performance, with an accuracy rate of 57%, while the LWL algorithm has the lowest
overall accuracy at 48%. An examination of similar studies in the literature reveals that machine learning
models used to predict stock market indices are generally considered acceptable if their accuracy rates
are 57% or higher (Campisi, Muzzioli & De Baets, 2024; Prasad, Bakhshi & Guha, 2023; Bai & Cali,
2024; Prasad et al., 2022; Kartal, 2020; Shyam & Vinayak, 2020; Dixit et al., 2013). In this context, the
overall classification accuracy of the IBk and K-Star models aligns with the average performance
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accepted in the literature, suggesting that both models have an acceptable level of accuracy. However,
the accuracy of the LWL algorithm falls below the accepted threshold. Despite this, relying solely on
accuracy to assess the model's performance may be misleading, as accuracy alone may fail to account
for class imbalances, which can skew the results. The model’s performance rate may have been
influenced by performance differences between the two classes and the class imbalance. In terms of
precision, the LWL algorithm achieves the highest value at 95%, followed by K-Star with 86%. The
IBk algorithm performs relatively lower, with a precision value of 68%. Regarding sensitivity, K-Star
leads with the highest value of 65%, while IBk ranks second with 42%. The LWL algorithm exhibits
the lowest sensitivity at 40%. For the F-score, K-Star again leads with a score of 74%, while both LWL
and IBk show lower performance, with F-scores of 57% and 52%, respectively.

The 1Bk algorithm demonstrates moderate success with an accuracy of 68% in the decrease class
and 50% in the increase class. While the model is somewhat capable of identifying market downturns,
it struggles to accurately predict upturns. The overall performance metrics, such as a Kappa value of -
17%, MAE of 57%, and MSE of 75%, reveal that the model is unreliable for financial decision-making,
especially in predicting positive movements in the healthcare sector. Due to these significant error rates,
investors should be cautious and refrain from relying solely on this model for their financial decisions.

The LWL algorithm shows a high accuracy rate of 95% in the decrease class but performs poorly
in the increase class, with an accuracy of just 23%. Its high error metrics, including a Kappa value of -
20%, MAE of 50%, and MSE of 50%, indicate similar limitations to the IBk algorithm. Therefore,
investors should be careful and avoid relying solely on the LWL algorithm, as is the case with the IBk
algorithm, in their financial decision-making processes. Both models have high error rates in predicting
upward market movements, making them unreliable for making sound financial decisions.

The K-Star algorithm demonstrates an overall strong performance with a Kappa value of 15%,
MAE of 49%, and MSE of 49%, reflecting its consideration of not only macroeconomic indicators but
also the psychological factors and market expectations that influence the healthcare sector. These
performance metrics, which are better than those of other models, make the K-Star algorithm more
reliable for making accurate financial forecasts in the healthcare sector, with reduced error. However,
the algorithm's ability to predict positive market movements is somewhat limited, as evidenced by its
35% accuracy rate in the increase class. This highlights a weakness in forecasting upward trends, which
is critical for investors looking to make sound decisions during periods of growth. In dynamic and crisis-
sensitive markets like the healthcare sector, failing to predict upward movements could lead to missed
opportunities or reduced returns. On the other hand, the K-Star algorithm performs very well in
predicting downturns, with an accuracy rate of 86% in the decrease class. This strong performance in
forecasting negative market conditions—such as crises or financial collapses—provides a key advantage
for investors. Accurately predicting downturns allows for better risk management and helps to minimize
potential losses, ensuring more effective decision-making in uncertain market environments. Therefore,
while the K-Star algorithm excels in anticipating market declines, its limited ability to predict rises
means it should be used with caution when forecasting market growth.

The models' main results show how important psychological factors like volatility and consumer
confidence indices are for understanding how complex markets like the MSCI World Healthcare Index
change over time. These results align with studies in the literature that employ structural econometric
models, which recognize the influence of such factors in financial forecasting (Krein & Fernandez, 2012;
Sarwar, 2012; Kula & Baykut, 2017; Ottoo, 1999; Kumar & Bouri, 2024). This study fills a gap in the
literature concerning the healthcare index, offering a new perspective on how machine learning
techniques can be applied to financial predictions. However, the results also emphasize the importance
of investors conducting a more comprehensive and cautious analysis rather than relying solely on these
algorithms. Although the lazy learning algorithms are particularly effective in predicting downtrends in
the MSCI World Healthcare Index, caution is advised in using it for predicting uptrends due to its
limitations in that regard. Therefore, while the lazy learning algorithms can be a reliable tool, its
performance should be carefully evaluated, especially when applied to uptrend predictions.

The models highlight a discrepancy between the low accuracy rate for the increase class and the
high accuracy rate for the decrease class. Although the model meets the accuracy threshold generally
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accepted in the literature, future studies could explore advanced machine learning techniques to mitigate
this class imbalance. For instance, applying methods like SMOTE could improve the model’s
performance in predicting the increase class. This would enable the models to provide investors and
market participants with predictions not only for downturns but also for periods of growth, enhancing
their practical value for comprehensive financial decision-making.
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