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Health datasets are often imbalanced, with a skew towards the healthy class, making traditional performance metrics like
accuracy inadequate for evaluating minority class (disease-affected) predictions. Moreover, standard classifiers typically
assume equal costs and benefits for decision outcomes, which is unsuitable for healthcare where misclassification implications
vary. This paper addresses these challenges by integrating cost-benefit considerations into both the training and evaluation of
classifiers through a generalized, data-driven framework for deriving benefit and cost parameters based on clinical indicators
such as survival probabilities, treatment outcomes, and healthcare expenditure. We propose modifications to Naive Bayes
and Logistic Regression algorithms for multiclass classification and compare them against hierarchical and ensemble cost-
sensitive algorithms, including Hierarchical Cost-Sensitive Kernel Logistic Regression (H-CSKLR), SAMME.C2, BAdaCost,
and NP-MC. Experiments across fetal health, vertebral column, and hepatitis C datasets show that the proposed multiclass
Benefit-Based Logistic Regression achieved the highest benefit values—17.96 for fetal health, 37.19 for vertebral column,
and 4.80 for HCV—outperforming H-CSKLR (15.36, -12.54, -3.44) and traditional accuracy-based Logistic Regression in most
cases (19.01, 35.10, 4.60). A Latin Hypercube Sampling-based sensitivity analysis further confirmed the robustness of the
proposed framework across diverse benefit—cost configurations. These results highlight the transparency, stability, and clinical
relevance of the approach.

CCS Concepts: « Computing methodologies — Machine learning; Machine learning algorithms; Bio-inspired
approaches; Classification and regression trees.

Additional Key Words and Phrases: Benefit-based analytics, Cost-Sensitive learning, Health analytics, Imbalance data,
Multiclass Classification, Disease diagnosis

1 Introduction

In the healthcare industry, copious data streams, from patient demographics to medical imaging records, are
generated through diverse channels such as sensors, surveys, advanced healthcare systems (AHS), cameras,
mobile, and online applications [2, 19]. Leveraging this data for early disease detection holds immense potential
to enhance patient survival rates and overall quality of life. However, a prevalent challenge in disease detection
lies in accurately discerning various diseases from the same dataset. Machine learning (ML) algorithms have
demonstrated remarkable predictive capabilities and have been widely employed by researchers for disease
diagnosis. For instance, [21] combined multiple ML techniques for multiclass Alzheimer’s disease classification,
while [2] utilized a multiclass Random Forest approach to classify Asthma severity, and [22] employed a Gaussian
kernel-based approach for multiclass glaucoma progression classification.
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Yet, a significant hurdle with health datasets is their inherent skewness towards the healthy class, that is, they
often contain a larger proportion of healthy individuals compared to those affected by diseases. In multiclass
scenarios, classes representing various diseases typically have fewer samples than the healthy class, with the
severity of disease classification correlating inversely with sample size. This data imbalance skews ML algorithms
towards the majority class (healthy persons), resulting in misclassification of most minority classes (disease-
affected samples). The core issue stems from the assumption that misclassification costs and benefits are uniform
across different classes, driving ML algorithms to prioritize high accuracy. However, in medical contexts, this
assumption is impractical, as correctly identifying disease-affected individuals is crucial for timely treatment.
Misclassifying a diseased person may lead to delayed treatment, diminishing quality of life, and in severe cases,
death. Conversely, misclassifying a healthy individual as diseased is also clinically consequential, as this can
result in unnecessary treatments, adverse drug effects, psychological distress, and increased healthcare costs.
For instance, misdiagnosing a diabetic patient could delay treatment which can result in deterioration of the
person’s health, while diagnosing a healthy individual as diabetic may initiate unnecessary lifestyle changes
such as monitoring of insulin levels and changing dietary habits. Hence, different costs and benefits should be
associated with misclassification and correct classification, respectively, reflecting the severity of disease detection.
In multiclass scenarios, identifying certain disease classes may carry higher severity, warranting distinct costs for
misclassification and benefits for correct classification.

In addition, common performance metrics for classification, such as accuracy, precision, sensitivity, specificity,
F1-score, the receiver operating characteristic (ROC) curve, and the area under the ROC curve (AUC) [5, 14, 15, 43],
have limitations with imbalanced data. Metrics like accuracy, precision, and F1-score depend on data distribution
and are thus unsuitable for imbalanced datasets [17]. While recall and specificity are data-insensitive, they lack
insight into the correct classification rates for both minority and majority classes. As [17] notes, the ROC curve
may overestimate classifier performance without providing confidence intervals or statistical significance, and
[15] argues that AUC/ROC can sometimes yield incoherent results. The primary drawback of these traditional
metrics is that they assume equal benefit for correctly classifying each class and equal cost for misclassification.
Consequently, when data skews heavily toward the majority class, these metrics can make biased classifiers
appear highly effective, falsely suggesting strong overall performance. As previously mentioned, this bias can
result in dangerous misclassifications: a healthy person may be incorrectly diagnosed with a disease (leading to
unnecessary treatments), while a diseased individual might be overlooked, resulting in delayed intervention or
worsened outcomes. As with the diabetes example, the misclassification of a diabetic patient could mean missed
opportunities for early treatment, leading to complications, while misdiagnosing a healthy individual as diabetic
could cause unnecessary lifestyle changes and stress.

This paper addresses the challenges of cost-sensitive multiclass disease classification by directing machine
learning algorithms toward maximizing clinical benefit and minimizing diagnostic cost. Our approach integrates
benefit and cost considerations directly into both the training and evaluation phases, enabling models to reflect
the asymmetric consequences of different types of misclassifications. To achieve this, we extend the original
benefit-based framework introduced in [38] and present a generalized methodology (Section 3.7) for deriving
benefit and cost parameters that is data-driven, transparent, and applicable across diverse healthcare domains. This
framework ensures that benefit and cost values are grounded in empirical evidence, such as survival probabilities,
treatment outcomes, or healthcare expenditures, rather than arbitrary assumptions. We further demonstrate this
through the re-derivation of benefit matrices for the fetal health dataset based on published perinatal survival
data, ensuring greater clinical validity and reproducibility of parameter selection.

Building upon this foundation, we propose benefit-based extensions of multiclass Logistic Regression (BB-LR)
and Naive Bayes (BB-NB) classifiers that embed benefit-cost parameters directly into their optimization processes.
These models are benchmarked against conventional accuracy-based Logistic Regression, the Hierarchical Cost-
Sensitive Kernel Logistic Regression (H-CSKLR) proposed by [47], and additional state-of-the-art multiclass
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cost-sensitive algorithms, including SAMME.C2 [37], BAdaCost [11], and Neyman-Pearson -MC [41]. To assess
robustness, a structured sensitivity analysis was performed by systematically perturbing the benefit—cost matrices
through controlled scaling factors, following the principles of global sensitivity analysis [34]. Comprehensive
experiments on fetal health, vertebral column, and hepatitis C datasets illustrate that the proposed benefit-
based models consistently achieve superior and more stable performance across a wide range of benefit-cost
configurations, demonstrating their effectiveness and reliability in clinically relevant decision-making contexts.

The rest of the paper is organized as follows. Section 2 offers a summary of prior efforts in cost-sensitive
multiclass classification. In Section 3, we begin by revisiting our benefit performance metric from [38] and elucidate
its adaptation for the multiclass scenario including the new generalized benefit—cost derivation framework.
Subsequently, we delineate our strategies for integrating benefits and costs into multiclass Logistic Regression
(LR) and Naive Bayes algorithms. Additionally, we introduce [47]’s hierarchical cost-sensitive kernel LR and
outline how it can be modified with our benefit-based LR. Section 4 details the application of these algorithms to
a fetal health dataset, comparing their outcomes to those of traditional accuracy-based LR. To validate and assess
the robustness of our approaches, we extend our analysis to a vertebral column analysis dataset and a hepatitis C
dataset, presented in Section 5. In Section 6 we discuss the interpretability and explainability of our results, as
well as the importance of choosing suitable benefit and costs values. We then summarize our experiments and
results and discuss future works in Section 7.

2 Related Work

Cost-sensitive multiclass classification has been applied across various domains to address challenges associated
with imbalanced datasets [1, 10, 23, 26, 44, 49]. While prior studies have made significant strides in this area,
our work seeks to address key gaps, including the lack of benefit-cost considerations in evaluating classifier
performance and the limited interpretability of existing methods.

[33] proposed a cost-sensitive probability weighted ensemble learning method for multiclass classification.
The ensemble model combines various classifiers such as decision trees, Naive Bayes, K-nearest neighbour and
multilayer perceptron and the authors use True Positive weighting (TPweight) to perform experiments on 3TP
Ensemble, 4TP Ensemble, 5TP Ensemble and 6TP Ensemble models. The authors achieve improved performance
by combining weights using a weight voting method.

Furthermore, [37] proposed a cost-sensitive AdaBoost classifier, SAMME.C2, in order to solve the multiclass
classification problem of predicting number of yearly claims based on telematics data on driving behaviours.
SAMME.C2 is a combination of SAMME [16] (a model for multiclass classification with AdaBoost) and Ada.C2
[40] (a method for introducing costs into the AdaBoost classifier) and proved to perform better than other models
such as SAMME, SMOTEBoost, SAMME with SMOTE and RUSBoost.

Similarly, [11] also proposed a cost-sensitive multiclass classifier utilizing the AdaBoost classifier. The proposed
algorithm BAdaCost, combines multiple algorithms in order to obtain improved results. In order to achieve this,
the algorithm CMEL (Cost-sensitive Multiclass Exponential Loss) was proposed which takes the loss values
from multiple classifiers such as SAMME, AdaBoost, PIBoost and Cost-sensitive AdaBoost and combines them
under one framework. The BAdaCost classifier proved to perform better than other multiclass cost-sensitive
algorithms. However, one of the main issues with the approaches presented by [11, 33, 37] is that they rely on
traditional metrics such as accuracy and F1-score, which assume equal costs and benefits across classes, making
them unsuitable for healthcare scenarios where misclassification costs vary significantly.

[41] stated that the two main approaches to dealing with imbalance datasets are the cost-sensitive approach and
the Neyman-Pearson (NP) approach. The authors explained that the NP approach does not require the derivation
of costs values but to their knowledge it has mainly been used for binary classification. The authors proposed
two algorithms which combines both NP and cost-sensitive learning in order to solve the NP multiclass (NPMC)
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classification problem. The first algorithm NPMC-CX, which is based on convex optimization, showed strong
consistency and performed well with parametric models but it performed poorly with non-parametric models.
On the other hand, the second algorithm, NPMC-ER which employed empirical error rates, performed well with
non-parametric models but required the dataset to be of a certain size.

On the other hand, [20] presented a 3 way decision theory rough set model for multiclass classification. The
author explained that in order to minimize the cost of a Bayesian decision function, the model must consider
acceptance, rejection and deferment. However, typical cost matrices cannot include values for all 3 categories,
hence the authors proposed a method for incorporating all 3 categories by performing calculations based on
a given cost matrix and also the relationships between the cost functions and the different classes, in order to
derive cost functions for these 3 categories. The authors employed a multiphase approach for the cost-sensitive
classification problem. They explained that through iterative training and prediction, the majority of rejection
and deferment instances can be correctly classified and a K-nearest neighbour approach can then be used on the
remaining samples with low acceptance confidence. The authors achieved improved accuracy and lower costs for
misclassification when compared to other cost-sensitive approaches for multiclass classification. While these
methods presented by both [41] and [20] demonstrate success, they often involve complex optimization techniques
or multi-phase processes, which can limit their interpretability and scalability in real-world applications.

In addition, [18] explained that previously, only statistical methods were used to predict bond ratings for
financial institutions, therefore, they proposed using machine learning models for improved results. Some of the
classifiers that the authors used to test their hypothesis were logistic regression, support vector machine and
cost-sensitive decision tree. They performed experiments using 3 different datasets and results confirmed that
machine learning models can be used as a replacement to traditional approaches.

Finally, [47] proposed a hierarchical cost-sensitive kernel logistic regression learning algorithm which they
demonstrated using a face recognition scenario. Their work extends that of [48] and basically simplifies the
multiclass problem into two steps. First all minority classes are grouped into one class (in-group) and cost-sensitive
learning is used to classify the data into the two groups (out-group, in-group). The samples classified as in-group
are then passed through a cost-blind algorithm to further separate the samples into the various minority classes,
since the authors assumed equal costs for all minority classes. Despite its novel hierarchical structure, the method
assumes equal costs among minority classes during the second step, which may overlook critical differences in
real-world applications.

Our work distinguishes itself by focusing on a benefit-based approach that explicitly incorporates class-specific
costs and benefits into both training and evaluation, thereby addressing the limitations of traditional metrics.
Moreover, our proposed models prioritize simplicity and interpretability, making them practical for healthcare
professionals who require transparent decision-support tools. By refining the benefit performance metric intro-
duced in [38], our methods offer a robust framework for evaluating and improving classification outcomes in
imbalanced datasets. Additionally, we compare our approach directly with [47]’s method, demonstrating how our
benefit-based logistic regression (LR) can enhance their hierarchical framework by addressing its shortcomings.

Ultimately, our research not only fills gaps in the literature by introducing a benefit-oriented evaluation
framework but also highlights the practical implications of cost-sensitive classification in critical domains like
healthcare, where decision-making requires both precision and clarity.

3 Methodology

In this study, we employ Logistic Regression (LR) and Naive Bayes (NB) as foundational models for benefit-
based multiclass classification because of their interpretability, simplicity, and suitability for cost-sensitive
adaptation. Logistic Regression is particularly valuable in healthcare contexts due to its probabilistic outputs,
which make model predictions transparent and interpretable—an essential feature in clinical decision-making,
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where understanding the rationale behind classifications can influence patient management. Furthermore, LR’s
linear decision boundaries and well-defined probabilistic framework facilitate the direct incorporation of class-
specific benefit and cost terms into both the training and evaluation phases. This makes it an ideal baseline for
exploring how benefit—cost weighting influences classification behavior in a controlled, explainable manner.

Naive Bayes, on the other hand, provides robustness and computational efficiency, making it well-suited for
smaller or imbalanced healthcare datasets. Although its independence assumption simplifies feature relationships,
NB performs reliably in many clinical applications and supports the integration of benefit or cost weighting
through class-conditional probability adjustments. This allows NB to explicitly model the asymmetric conse-
quences of misclassification—such as the differing clinical impacts of false positives and false negatives—while
maintaining computational tractability.

While numerous advanced cost-sensitive algorithms exist, including kernel-based and ensemble methods, the
use of LR and NB in this work is intentional. These foundational models provide transparent, analytically tractable
environments for testing and demonstrating the theoretical properties of the proposed benefit—cost framework
before extension to more complex non-linear architectures. This design choice emphasizes interpretability and
methodological clarity, aligning with the broader goal of developing decision-support tools that clinicians can
understand and trust. Moreover, by later comparing these interpretable models against a kernel-based approach,
the Hierarchical Cost-Sensitive Kernel Logistic Regression (H-CSKLR) [47], we demonstrate that the proposed
benefit-based adaptations can achieve competitive performance while retaining transparency, a critical advantage
in healthcare-oriented machine learning.

In this section, we first recap the formulations for the benefit-based performance metric and the Benefit-Based
Logistic Regression algorithm originally presented in [38], and extend these formulations to the multiclass
setting. We then introduce a Multiclass Cost-Based Naive Bayes model adapted for benefit—cost optimization.
Subsequently, we describe the (H-CSKLR) proposed by [47] as a benchmark for comparison, followed by a
proposed adaptation that integrates our Benefit-Based Logistic Regression framework to enhance performance.
We also present several state-of-the-art algorithms used to benchmark the performance of our proposed methods.
Then, we introduce a generalized framework for deriving benefit and cost parameters, which provides a systematic
and data-driven approach that can be applied across diverse healthcare domains. Finally, we highlight the main
methodological extensions and experimental enhancements introduced in this study relative to our previous
work [38].

3.1 Benefit-Based Performance Metric

Let us consider a binary classification problem where N samples belong to either class 0 or class 1. Let X represent
the feature vector of a given sample. The classifier will generate a continuous score s(x) which will be used
to place the sample in either class 0 or class 1. Assuming that the classifier produces scores that are lower for
samples of class 0 than class 1, we can define a threshold ¢, where instances with scores s(X) < tare placed in class
0 and instances with scores s(X) > t are placed in class 1. Let us denote the probability density function of the
scores for class 0 and class 1 instances by f,(s) and f;(s), respectively. Similarly, we can denote the cumulative
distribution functions for both classes by Fy(s) and F;(s).

We can also define the costs and benefits associated with each class. If we denote b;; as the benefit of classifying
a sample which belongs to class i as class j, then we would achieve a positive benefit (b > 0) when i = j since the
sample is correctly classified. On the other hand, if i # j then we would achieve a negative benefit or cost (b < 0)
since the sample is incorrectly classified. We can also let 7z; denote the prior probability of class j € {0, 1}. Hence,
7y Fy(t) N represents the the probability of a sample belonging to class 0 times the probability of the sample being
correctly classified multiplied by N, the total number of samples. To simplify, 7y Fy(t)N is the number of samples
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that are expected to be classified correctly, given a threshold t. Therefore, the overall benefit is calculated as
B(t) = myFo(D)boo + mo(1 = Fy(£)byy + 7y Fy (D)byg + 71 (1 = Fy )by, (1)

given threshold t.

byy and by, are the only benefit values which are positive, therefore we can maximize the expected benefit
when Fj(t) = 1 and F;(¢) = 0. This only occurs when there is no overlap between the two distributions. Hence,
we can define an upper bound for benefit as by + 71,1 If B, represents the expected benefit for the classifier
y then its performance metric can be defined as

BY )
Hr mobgo + m1byq @

One should note that if 41, = 1 then the performance of the classifier is approximately optimal. Hence, in general,
the benefit B(¢) should be maximized by a classifier for given benefits. We can obtain optimality by first calculating
the derivative of B(t) with respect to t and then by setting this calculation to zero. This result of this modification
is

Jo)my(bog — bo1) = f1(t*)m1(b11 — byp). ®3)

3.2 Benefit Objective with Logistic Regression (Binary Classification)

Although in Section 3.1 we described how varying the threshold of a classifier can optimize the expected benefit
produced by the classifier, the LR classifier itself does not aim to optimize the benefit function while training.
Therefore, we need to modify the Logistic Regression cost function in order to accommodate for costs and benefits.
Hence, let us consider the posterior probability of the positive class as calculated by LR, that is, the logistic
sigmoid of a linear function of the feature vector. For example, the probability for feature vector %; is

pi=P(y = 1|%) = hy(%) = g(0"%) (4)

where hy(X;) represents the classification outcome for X; based on 6, the parameter vector. g(-) refers to the logistic
sigmoid function which is defined as

1
@)=~ (5)
The LR cost function N
- _ 1 -
JO = 2, 50 ©)

is minimized in order to establish parameters 0. J;(0) is defined as

Ji(0) = —y;log(hg(%)) — (1 — y;) log(1 — hy(%)) )
This cost function, however, does not take into consideration different costs for different types of errors, that is,
false negatives and false positives. Therefore, we instead consider this cost function

ﬂ@s;if@ ®
which maximizes benefits by. J5(6) is defined as
JiB(g) = yi[hg(x)by + (1 = hy(X))b1o] + (1 — y)[hg(X)byy + (1 — hg(X;))bgo |- ©)
Equation 9 can be rewritten as
JPO) = 3ihgE) b1y — byo) + bio(1 = 3)(1 = hg(E))(bog — bor) + by (10)
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Table 1. Benefit-Matrix for Benefit-Based Classification

Predicted Class
Actual Class | 0 1 2 |...| K
0 boo b01 boz ces bok
1 blo bll b12 eee blk
2 byo | by | baz | - | o

This function will be maximized with respect to 8 therefore we can safely remove by, and by, since they are
constants. Also, we can multiply by -1 to convert the problem into a minimization problem. The resulting function

can then be divided by (b — by) since it will not affect the optimal 6. Once these changes are apply, we get the
following function

where b b
00 01
_ (12)
1 bi1 — by

Equation 11 takes on a comparable form to that of the LR cost function, however, we now scale the error for
instances of class 0 by the factor 7. Therefore, we can use an altered version of the LR cost function which includes
the scaling by 7, as shown below

Ji(6) = —y; log(hg(%)) — n(1 — ) log(1 — hg(%)) (13)

in order to account for benefits while training.

3.3 Proposed Multiclass Benefit-Based Logistic Regression (BB-LR)

One common approach for dealing with multiclass LR is by using the one-vs-all or one-vs-rest method where for
a dataset with K classes, K binary LR classifiers are used [27, 35]. For example, if a dataset contains 3 classes, A,
B and C then 3 binary LR classifiers would be created as follows:

(1) LR classifier 1: A vs {B,C}
(2) LR classifier 2: B vs {A,C}
(3) LR classifier 3: C vs {A,B}

If X represents the feature vector for a given sample, a score will be generated for each classifier, 5;,(xX) where
i €0, ..., K}. This score represents the probability of the sample belonging to class i. For example, for LR classifier
1 above, s;(X) represents the probability of x belonging to class A.

The scores from all K classifiers are then compared and the classifier with the maximum score is chosen in order
to determine the class with the highest probability and hence the predicted class for X. That is, if the classifier for
class j has the highest probability, then X will be classified as class j.

In order to incorporate benefits and costs into this approach we first need to replace the traditional binary LR
with our benefit-based logistic regression. Let us now consider the benefit matrix in Table 1.
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All classes have associated benefits for correct classification (b;; > 0, i = j) and different costs for misclassifica-
tion (bl-j < 0,1 # j), depending on the class it is misclassified as. For example, following from the scenario above, if
an instance of class A is correctly classified then there would be a benefit associated with it. However, if the sample
is misclassified as either B or C then there would be two different costs for the two types of misclassification
errors. If misclassifying an instance of class A as class B is more severe than misclassifying it as class C, then the
cost for misclassifying the sample as B would be higher than the cost of misclassifying it as C, and vice versa.
Similarly, there are different costs for misclassifying instances of B and C as class A.

Hence, when applying benefits and costs to the one-vs-all method, we must combine the benefits and costs of
the classes in the “all/rest” part of the classifier in order to determine values for by, by; and by,. These values can

be calculated for all K classifiers as follows

K
byy = Z mby, fori # k, (14)
i=1
K
bOl = Z ”ibik’ fori+ k, (15)
i=1
and
K
blO = Z ”ibki’ fori+k (16)

i=1
where k represents the classifier for class k and k € {0, .., K}. Note that b;; = by;. n and B can then be calculated
using Equations 12 and 1, respectively.
Note that for the overall benefit of the BB-LR classifier, Equation 1 can be adjusted to include all options from
Table 1 as follows

K
Bt)= ).
i=1

1

M=

()b (17)

J

Il
—

3.4 Proposed Multiclass Cost-Based Naive Bayes (BB-NB)

We consider a dataset consisting of N samples with each sample having M attributes. Each sample belongs to
exactly one of K classes. Let V;; be used to denote the cost of predicting a category j when the true category is i.
We assume categorical attributes and that continuous attributes are clustered to form categories. Suppose that we
need to classify some new sample with attributes x. Using Naive Bayes, the probability of this sample lying in
category Cy. is given by

M
= _ H p(x1C)p(C)
p(Ck|x) - o p(xi) (18)

The probability p(x;|C;) is computed based on the probability that category x; occurs in category Cy. in the given
samples. We now compute the expected cost F(Cy.) of classifying the sample in category Cy. This is given by

K
F(C) = )., p(CylX) Ve (19)
q=1
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Therefore, if we want to minimize expected cost then we would have to minimize F(Cy) over k. Hence, the
prediction would be

K
Ci. = argmin F(C}) = arg min Z p(Cq|f)qu (20)

k —

g=1

This can be simplified to

K M

Ci. = argmin Vak P(Cp) H p(x1Cy) (21)
k q=1 i=1

Let us consider some special cases. Consider the case V;; = 0 for i = jand 1 otherwise which corresponds to

maximizing accuracy. Consider Equation 20.

K
Cr.o = argmin ) p(ColX)Vyi
k q:l

= argmin{1 — p(Cq|J?)} (22)
k
= argmax{p(C, )
Hence the category with highest probability is chosen as one would expect.

3.5 Hierarchical Cost-Sensitive Kernel Logistic Regression (H-CSKLR)

[47] presented a H-CSKLR where they tested their approach using a face recognition system. However, for
generality, we will describe their approach without using this use case. Let us consider G which represents all
instances belonging to the minority classes (minority group) and E which represents all instances belonging to
the majority classes (majority group). The labels for both groups can then be defined as y = Dy, Ds, ..., D for
minority group and y = Hy, H,, ..., Hg for majority group. The costs of misclassifying an instance, X, can be one
of the following:

+ Cyp - cost of misclassifying a majority group instance as minority group
» Cpp - cost of misclassifying a minority group instance as majority group
» Cpp - cost of misclassifying an minority group instance as the wrong minority group from G groups

The authors did not assign any cost for correctly classifying instances, therefore for full replication we will not
assign any cost as well. The cost Cpp, is equal for misclassifications between all G groups. In addition, the authors
only considered one group for majority group instances (E = 1) therefore the total number of classes is (G + 1).
For a cost-sensitive scenario with (G + 1) classes, the hypothesis ¢(x), or Bayes decision rule, defined as

N D, if f,is the maximum
T ! (23)
H if f; is the maximum
can either be D,, or I with corresponding loss functions given by:
G
L(xD)= ), P(D%)Cpp+ P(HIX)Cpyp (24)
g=1g#v
and
G
LEI) = ), P(DX)Cpy (25)
g=1
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where P(D,|X) and P(H|X) represent P(y = Dg|55) and P(y = HJ|X), respectively, should be minimized. If the
misclassification errors happen to be equal, then Equation 24 essentially becomes the case of classifying an
instance based on highest posterior probability, that is, the same as traditional classification approaches.

Let us now consider the multiclass cost-sensitive kernel Logistic Regression proposed by [48]. If

G
P(DIZ) = ) P(DyIX) (26)
g=1

then, from Equation 24 we get
L(x, D,) = A(DIX)Cpp — A(D,|¥)Cpp + P(H|X)Cpip. (27)
Since A(D|x) + P(H|X) = 1, then Equation 27 becomes
L(x,D,) = (1 = (H|X))Cpp — KD,|X)Cpp + PH|X)Chp

A R (28)
= Cpp + (H|X)(Cyp — Cpp) — AD,|X)Cpp.
We also get
G
L(Z H) = ) ADg¥)Dpy = ADIX)Cpp:. (29)
g=1
Consequently, for (G + 1) classes, the objective functions become
Cpp + XHIX)(Crp — Cpp) — AD11¥)Cpp
' (30)

Cpp + AHIX)(Cxp — Cpp) — ADgl¥)Cpp
P(DIX)Cpy

If from every option listed in Equation 30 we subtract Cppp + P(H|X)(Cyp — Cpp) and then divide by —Cpp, then
we can solve the classification problem by selecting the maximum value from

(D, |x%)
P(DglX) G1)
BP(H|X) — A

where we define f as

Cpg+Cxp—-C
= <o CHD DD (32)
DD
and A as
Cpyg—C
A= foa=Cpp
Cpp
Let’s now consider the cost-blind approach to multiclass logistic regression proposed by [50]. For a given
sample, X, the condition probability is defined as

(33)

ef (%)

DJX)= —————,
P(D,x) 1+2§:1 oS

forv=1,..,G (34)
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and
N 1
fe(%)
1+ Zgzl els
For each class, the decision function now becomes
D3
f,=In IIJ’((IJ%)’ for fi,..., fg
fo=In HHE) _ 0 (36)
0= " PHE) ~

In order to classify an instance, the maximum value from Equation 36 is selected. In order to include cost-sensitivity,
the function f; is defined as
* ﬂP(H |3_C) ) —A
fh =ln—————.
P(HIX)
Bayes decision rule, ¢(X), can then be used to classify an instance.

It should be noted that selecting the maximum value from Equation 31 is equal to selecting the maximum
value from Equation 23, therefore, for both cost-sensitive and cost-blind Logistic Regression, the training steps
are the same and cost-sensitivity is achieved in the testing step using Equation 23.

However, using the observations from Equation 24 and the fact that the minority instances are analyzed in
the later stages of the above algorithms, these approaches can be simplified using a hierarchical approach. In
particular, a binary cost-sensitive classification algorithm can first be used to separate minority group from
majority group samples. Then, since the cost of misclassifying minority group instances as other minority groups
are the same, a cost-blind multiclass classification can be used on the minority group samples.

For binary cost-sensitive classification, a sample X is classified as minority group if P(D|X) > p*, where p* is
defined as

(37)

X Cup (38)

p =
Cup +Cpy

3.6 Proposed Hierarchical Approach with Benefit-Based Logistic Regression (H-CSLR)

In order to merge the hierarchical approach proposed in Section 3.5 with the benefit-based Logistic Regression
from Section 3.2, we can perform the following steps:

(1) Replace the cost-sensitive classification algorithm from Section 3.5, that is, Equation 38, with the benefit-
based Logistic Regression from Section 3.2 (that is, using the cost-function from Equation 13) in order to
classify instances as minority group or majority group.

(2) The minority group samples can then be classified using traditional cost-blind Logistic Regression.

3.7 Additional Comparative Algorithms

To ensure a comprehensive and balanced evaluation, we expanded our set of comparison models to include
three state-of-the-art cost-sensitive learning algorithms identified in the related work: SAMME.C2, BAdaCost,
and NP-MC. Each of these algorithms addresses multiclass cost sensitivity through distinct methodological
formulations, providing complementary perspectives to our proposed benefit-based framework.

The SAMME.C2 algorithm extends AdaBoost to the multiclass setting by incorporating class-dependent cost
adjustments into the boosting weight updates, enabling more nuanced penalization of costly misclassifications.
BAdaCost further adapts this principle by introducing benefit-weighted updates that dynamically modify the
boosting process based on both cost and benefit magnitudes, improving alignment with unequal class impor-
tance. The Neyman—-Pearson Multi-Class (NP-MC) approach takes a probabilistic decision-theoretic perspective,
optimizing classification thresholds to control type I and type II errors under explicit cost constraints.
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Including these algorithms strengthens the fairness and breadth of our experimental comparison, as they
represent widely recognized strategies for handling class imbalance and cost asymmetry in multiclass settings.
Together with traditional Logistic Regression and the H-CSKLR, these methods provide a diverse and rigorous
benchmarking suite against which to evaluate the proposed benefit-based models.

3.8 Generalized Framework for Deriving Benefit and Cost Parameters

To ensure that benefit and cost assignments are transparent, data-driven, and reproducible across healthcare
domains, we propose a generalized framework for deriving these values. Benefit and cost parameters should ideally
reflect real-world outcomes such as survival probabilities, treatment success rates, or healthcare expenditure.
For each true class i and predicted class j, the benefit value b;; can be estimated from published epidemiological
data or clinical cost studies that capture the incremental change in quality-adjusted life years (QALYs), expected
treatment costs, or complication rates.

For example, in oncology diagnostics, published cancer registry data and treatment outcome studies can inform
the relative scaling of b;; values. Suppose C; represents Benign, C, Early-Stage Malignant, and C3 Advanced
Malignant. The benefit of correct classification b; can be made proportional to the expected gain in survival or
reduction in morbidity associated with accurate and timely diagnosis at that stage. Conversely, misclassification
costs (b;j < 0) can be derived from clinical or economic evidence quantifying the loss in survival probability,
increased treatment burden, or elevated healthcare expenditure that results from diagnostic error. For instance,
misclassifying an early-stage cancer as benign may lead to delayed treatment and substantial survival loss, while
misclassifying a benign lesion as malignant may incur unnecessary surgical or chemotherapeutic costs. In this
manner, the benefit—cost structure explicitly encodes the asymmetric clinical consequences of diagnostic errors,
thereby enhancing both interpretability and decision relevance.

When empirical data are limited, expert elicitation or Bayesian updating can be used to establish prior
distributions for benefit and cost parameters [3, 7, 39]. This approach improves generalizability, allowing the
framework to adapt to different clinical domains such as oncology or cardiology while maintaining methodological
consistency. Future work will extend this idea by automatically learning approximate benefit-cost matrices from
outcome datasets, thereby minimizing subjectivity. This aligns with recent approaches in health economics that
leverage Bayesian and decision-theoretic models to quantify clinical uncertainty and outcome trade-offs [30, 32].

While our framework primarily emphasizes minimizing false negatives, since missed diagnoses directly
threaten patient outcomes, it also explicitly assigns costs to false positives within the benefit matrix. In our
formulation, misclassifying a healthy individual as diseased incurs a negative benefit value, representing the
tangible and intangible harms of over-diagnosis. These include unnecessary diagnostic procedures, medication
side-effects, emotional distress, and increased healthcare expenditure. The literature highlights that false positives
can produce real clinical harm; for example, [45] describe how false positive pulmonary embolism diagnoses from
CT angiography often result in avoidable anticoagulation, prolonged hospitalization, and lasting mislabeling
in the electronic health record. By embedding explicit penalties for such misclassifications, our model captures
both ends of the clinical risk spectrum—reducing the chance of missed disease while constraining over-treatment
and its associated harms. This balance ensures that optimization of the benefit metric reflects the full ethical and
clinical trade-offs inherent in healthcare decision-making.

3.9 Summary of Methodological Improvements

To make the contributions of this work more explicit, Table 2 summarizes the key differences between the present
study and our prior work [38]. This comparison highlights how the proposed framework extends previous research
through the introduction of a generalized benefit—cost derivation methodology (Section 3.7), new multiclass
model formulations, and a broader comparative evaluation that includes advanced cost-sensitive algorithms.
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Table 2. Comparison between prior work and current study.

13

Aspect Prior Work ([38] Current Study
Benefit-Cost  Defini- Dataset-specific bene- Generalized ~ framework
tion fit matrices based on (Section 3.7) for data-driven
domain-specific published derivation using clinical or
parameters domain-informed parame-
ters
Model Scope Binary benefit-based Logis- BB-LR, BB-NB, and hierar-
tic Regression chical extensions
Comparative Evalua- Compared only to baseline Includes advanced
tion LR and LR with SMOTE cost-sensitive baselines
(SAMME.C2, BAdaCost,
NP-MC, H-CSKLR)
Sensitivity Analysis Not included Introduces  perturbation-

based sensitivity analysis of
benefit-cost robustness

4 Application to Fetal Health Classification

In this section we consider the problem of fetal health classification where, based on a number of features
extracted from Cardiotocogram exams, fetal health is classified as normal, suspect or pathological. We first
determine appropriate benefit values and then apply these to the four multiclass algorithms described in Sections
3.3 to 3.6. We perform 5-fold cross validation and compare the results for all 4 classifiers to traditional LR which is
based on optimizing accuracy rather than benefits. To assess how sensitive the proposed benefit-based algorithms
are to changes in outcome valuations, we explore a wide range of benefit values that correspond to varying 7
thresholds. For each configuration, the performance of all four classifiers is evaluated and compared against the
conventional accuracy-based Logistic Regression described in Section 3.

4.1 Dataset Description

The fetal health dataset, presented by [4], was used for our analysis since it was the only publicly available
multiclass dataset we found which applied to our context. The dataset contains 21 features such as ‘fetal movement’,
‘uterine contractions’ and ‘abnormal short term variability’ extracted from 2126 records of Cardiotocogram exams.
The records were classified by three expert obstetricians into the classes ‘Normal’, ‘Suspect’ and ‘Pathological’.
Based on their classifications, the dataset consists of 1655 cases of ‘Normal’ fetal health, 295 cases of ‘Suspect’
pathological and 176 cases of confirmed ‘Pathological’.

4.2 Benefit and Cost Parameterization for Fetal Health Classification

Table 3 illustrates benefits b;; for the fetal health dataset. To operationalize the proposed benefit-cost framework
within the fetal health application, benefit values were assigned using a clinically guided estimation. Published
perinatal outcome studies report survival rates exceeding 95% for normal fetuses, approximately 80-85% for
suspect cases under appropriate monitoring, and below 70% for pathological cases requiring urgent intervention
[9, 13, 46]. These empirically observed survival differentials were used to inform the proportional scaling of
benefit and cost parameters, linking each model outcome to a realistic measure of clinical utility.
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Table 3. Benefit-Matrix for Fetal Health Classification

Predicted Class
Actual Class | Normal ‘ Suspect ‘ Pathological
Normal by bo1 by,
Suspect bio bi1 biy
Pathological by byy by,

Table 4. Life Expectancy Benefit-Matrix for Fetal Health Classification

Predicted Class
Actual Class | Normal ‘ Suspect ‘ Pathological
Normal 15 -6 -10
Suspect -10 20 -12
Pathological -25 -15 30

Correct classification benefits (b;) were defined to represent the expected improvement in health outcomes or
resource efficiency when each class is accurately identified. In this context, correctly classifying a Pathological
case yields the highest clinical benefit, as timely diagnosis and intervention can substantially improve neonatal
survival and prevent severe morbidity. The benefit for correctly classifying Suspect cases is moderate, reflecting
the value of appropriate monitoring that mitigates potential complications. Correct classification of Normal
cases carries the lowest relative benefit, corresponding to the successful continuation of routine care without
unnecessary escalation. This scaling ensures that the benefit assignments reflect relative clinical impact rather
than prevalence bias.

Misclassification penalties (b;; < 0) were determined according to the severity and direction of diagnostic
error. Under-diagnosis (e.g., predicting a pathological case as normal) was assigned a large negative value due to
the potentially catastrophic consequences of delayed or missed intervention. Over-diagnosis (e.g., predicting a
normal case as pathological) received a smaller penalty, representing the tangible but less severe consequences of
unnecessary testing, anxiety, or temporary overtreatment. Intermediate penalties were applied to misclassifica-
tions involving the Suspect class, reflecting additional monitoring and moderate resource implications without
major harm.

Table 4. summarizes the illustrative benefit-cost matrix used in model training and evaluation. The matrix was
normalized to preserve interpretability while maintaining the proportional relationships across outcomes.

The diagonal entries represent the direct benefits of correct classification, scaled in proportion to the potential
improvement in patient outcomes. The off-diagonal elements encode the asymmetric clinical costs of misclassifi-
cation, with larger penalties assigned to missed pathological cases than to false alarms. This asymmetry mirrors
clinical priorities in perinatal care, where under-detection of fetal distress poses substantially greater risk than
over-detection.

By grounding benefit and cost assignments in empirical survival and treatment data, this parameterization
strengthens both transparency and interpretability. It provides a consistent, domain-appropriate mechanism
for translating real-world clinical outcomes into model-level optimization objectives, thereby enhancing the
reproducibility and generalizability of cost-sensitive learning across healthcare applications.
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Table 5. Benefit Values for Sensitivity Analysis - Fetal Health

boo | Bor | boa | bro | b | bra | bap | bay | by
16.1 | -6.2 | -11.1 | -9.9 | 17.8 | -12.9 | -24.6 | -17.6 | 32.5
12.8 | -5.9 | -10.6 | -11.6 | 23.8 | -10.1 | -25.2 | -15.0 | 35.8
149 | -54 | -8.5 -94 | 209 | -124 | -23.6 | -17.3 | 24.1
139 | -5.1 | -11.2 | -11.3 | 22.6 | -10.7 | -28.9 | -16.2 | 25.8
179 | -71 | -88 | -10.8 | 17.3 | -14.1 | -27.8 | -16.1 | 30.0
12.1 | -5.0 | -11.6 | -8.7 | 20.0 | -11.4 | -20.0 | -14.3 | 33.6
169 | -65| -94 | -10.3 | 16.5 | -11.6 | -29.8 | -12.8 | 30.3
155 | -55|-10.1 | -10.5 | 22.3 | -13.4 | -21.3 | -15.3 | 27.8
13.6 | -6.3 | -84 -9.1 18.8 | -13.6 | -22.3 | -13.5 | 27.5
16.7 | -6.9 | -9.9 -8.1 199 | -104 | -26.2 | -12.2 | 31.5

4.3 Sensitivity Analysis

To further evaluate the robustness and stability of the proposed benefit-based algorithms under variations in
benefit—cost assumptions, we conducted a structured sensitivity analysis. Instead of relying on a single benefit
matrix or fixed multiplicative scales, we generated a set of perturbed matrices by applying element-wise random
perturbations using Latin Hypercube Sampling (LHS) [29]. Each element of the baseline benefit—cost matrix was
independently varied within £20% of its original value, simulating diverse clinical or economic conditions and
testing the sensitivity of model performance to small changes in both absolute and relative outcome valuations.
This approach follows the principles of global sensitivity analysis, conceptually related to Morris-type screening
and variance-based methods [8, 34], which assess how model outputs respond to systematic parameter variations.

Specifically, for each of ng,pples = 10 LHS configurations, every model, including the proposed BB-LR, BB-NB,
H-CSLR, H-CSKLR, and benchmark algorithms SAMME.C2, BAdaCost, and NP-MC, was retrained and evaluated
using five stratified folds. Both mean accuracy and computed benefit were recorded for each configuration,
ensuring comparability between cost-sensitive and conventional models under perturbed benefit—cost structures.
Table 5 provides the generated benefit and cost values from the sensitivity analysis.

By systematically perturbing the benefit-cost matrix and observing model responses, this analysis provides
a quantitative and interpretable assessment of robustness. Models exhibiting consistent benefit and accuracy
across LHS samples can be considered stable with respect to subjective benefit-cost specification—an essential
property for reliable and ethical deployment in healthcare decision-support systems.

4.4 Numerical Results

4.4.1 Classification Performance. In Table 6 we see average the benefit values (B), benefit performance scores (1)
and accuracy scores achieved by all 8 classifiers from Section 3 with the life expectancy benefit matrix for fetal
health, across all 5 folds. Here we can see that the proposed BB-LR and the H-CSLR gave a strong performance
and benefit scores when compared to more complex approaches.

Fig. 1 illustrates the benefit performance scores for all classifiers from Section 3 across all 5 folds and compares
these to the benefit performance scores achieved by using traditional accuracy based LR. Similar to Table 6, we
see improved performance over traditional Accuracy-Based LR with the proposed H-CSLR and for some folds.
The BB-NB, however, highly prioritized the positive cases and hence produced a negative benefit score.
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Table 6. Average Benefit, Performance and Accuracy Results with the Life Expectancy Benefit Values Across All 5 Folds for

Fetal Health Classification

Algorithm Benefit, B | Performance, i | Accuracy
BB-LR 17.96 0.77 0.82
BB-NB -8.83 -0.37 0.08
H-CSKLR 15.36 0.65 0.77
H-CSLR 19.08 0.81 0.86
SAMME.C2 20.28 0.86 0.89
BAdaCost 19.74 0.83 0.88
NP-MC 15.36 0.65 0.76
Traditional Accuracy-Based LR 19.01 0.80 0.85
E
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Fold
—=— BB-LR —&— BB-NB
H-CSKLR H-CSLR
—+—SAMME.C2 —o— BAdaCost

Fig. 1. Benefit Scores for Fetal Health Dataset Across 5 Folds

—+— NP-MC —— Accuracy-Based LR

Ten variations in benefit matrices which resulted from the LHS were used to test the robustness of the classifiers.
In Fig. 2 we plot the average benefit performance scores for all classifiers, achieved for all 10 benefit matrices
across 5 folds. Here we see similar trends with the proposed algortihms to that of Fig. 1; however, there were

some inconsistencies with SAMME.C2 and BAaCost in terms of which achieved the higher benefit scores.

Fig. 3 depicts the average accuracy scores for all 5 classifiers for the 10 benefit matrices across the 5 folds. We
find that accuracy is sacrificed in order to achieve improved benefits.

4.4.2  Feature Importance and Model Interpretability. To further assess the interpretability of the proposed BB-LR
model, coefficient-based feature importance and permutation importance analyses were performed. The coefficient
estimates and corresponding odds ratios quantify the direction and magnitude of each feature’s influence on the
predicted class, while permutation importance evaluates the effect of each feature on the model’s benefit-based
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Fig. 3. Average Accuracy Across 10 Latin Hypercube Samples for All Algorithms

predictive performance. Together, these complementary analyses provide insight into the clinical variables that

most strongly influence the model’s decisions.
Table 7 presents the most influential features for each one-versus-rest classifier, ranked according to the absolute

magnitude of their estimated coefficients. Positive coefficients indicate an increased likelihood of membership in
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the corresponding class, whereas negative coefficients decrease it. The corresponding odds ratios (ORs) quantify
the magnitude of these effects.

For the Fetal Health dataset, variability-related features consistently dominated the classifier-specific models.
Abnormal short-term variability was the most influential predictor for both the Normal (coefficient = -0.0691,
OR = 0.9333) and Pathological (coefficient = 0.0797, OR = 1.0829) classifiers, while mean value of short-term
variability was the strongest predictor for the Suspect classifier (coefficient = -0.0318, OR = 0.9687). Percentage
of time with abnormal long-term variability was also among the most influential features for the Normal and
Pathological classifiers, whereas histogram-based characteristics contributed primarily to distinguishing the
Suspect and Pathological classes.

Permutation importance further confirmed these findings. Percentage of time with abnormal long-term
variability produced the largest reduction in benefit score (7.39 x 1072), followed by abnormal short-term
variability (4.97 x 1072) and histogram variance (2.90 x 1072). The agreement between the coefficient-based
rankings and permutation importance demonstrates that variability-related features consistently contributed
most to the BB-LR classification decisions.

Table 7. Top five most influential features identified by the proposed BB-LR model for each one-vs-rest classifier. Features are
ranked by the absolute value of the estimated coefficient. Positive coefficients increase the likelihood of the corresponding
class, while negative coefficients decrease it. Odds ratios are reported to facilitate clinical interpretation.

Classifier \ Feature \ Coefficient \ Odds Ratio

Abnormal short-term variability -0.0691 0.9333
Percentage of time with abnormal long-term variability -0.0592 0.9426
Normal Mean value of long-term variability -0.0452 0.9558
Histogram number of peaks -0.0398 0.9610
Mean value of short-term variability 0.0298 1.0302
Mean value of short-term variability -0.0318 0.9687
Histogram number of peaks 0.0312 1.0317
Suspect Abnormal short-term variability 0.0289 1.0293
Mean value of long-term variability 0.0268 1.0272
Percentage of time with abnormal long-term variability 0.0231 1.0233
Abnormal short-term variability 0.0797 1.0829
Percentage of time with abnormal long-term variability 0.0442 1.0452
Pathological | Histogram mode -0.0418 0.9591
Histogram mean -0.0406 0.9602
Histogram variance 0.0348 1.0354

4.5 Discussion

In Section 4.4.1 above, we illustrate the performance of eight classifiers evaluated using the Fetal Health dataset
and compare their outcomes to that of the traditional accuracy-based LR. Using both the life expectancy benefit
matrix and the extensive sensitivity analysis performed across ten Latin Hypercube-generated benefit matrices,
we assessed the robustness of each model to variations in benefit structures.

As observed previously, the H-CSKLR approach presented by [47] performed poorly across all test cases.
Both its average benefit performance (ug = 0.47) and accuracy (uy = 0.77) were consistently below those
of traditional LR (ug = 0.73, py = 0.85). Inspection of its confusion matrices revealed that the model almost
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Abnormal LTV 7.39-1072
Abnormal STV
Histogram Variance
Histogram Mode
Histogram Mean
Histogram Width
Baseline

Histogram Median

Histogram Max

Mean LTV 1-107% | | | I
0 2 4 6 8

Decrease in Benefit Score 1072

Fig. 4. Global feature importance analysis of the proposed BB-LR model using permutation importance. Features are ranked
according to their contribution to the decrease in benefit score after permutation. (LTV: Long-term variability, STV: Short-term
variability).

exclusively predicted the majority (“Normal”) class, failing to capture the minority (“Suspected Pathological” and
“Pathological”) categories. This reflects the model’s inability to generalize across imbalanced data distributions, a
critical shortcoming in medical contexts. While optimizing for accuracy, H-CSKLR sacrifices clinical utility, an
unacceptable trade-off in healthcare applications where undetected minority cases can have severe consequences.
Hence, as in previous experiments, this approach was found unsuitable for fetal health classification.

Replacing the cost-sensitive component of [47]’s model with our proposed H-CSLR markedly improved perfor-
mance. Across all ten benefit matrices, H-CSLR achieved high benefit scores (ug = 0.73) and maintained accuracy
at p14 = 0.86, outperforming both its cost-sensitive counterpart and traditional LR. This model consistently
achieved balanced classification across all fetal health categories. Its design, which integrates benefit-driven
learning within the hierarchical structure, allows it to focus on high-impact classifications without collapsing into
majority-class bias. As such, H-CSLR offers the most robust trade-off between benefit optimization and diagnostic
reliability, demonstrating resilience across diverse cost—benefit configurations and validating its effectiveness for
healthcare applications.

The BB-NB classifier showed mixed but insightful results. It exhibited lower overall benefit (ug = —0.36)
and accuracy (p4 = 0.08-0.15) relative to other methods, reflecting its heightened sensitivity to the relative
magnitudes of benefits and costs. When benefits dominated, the model favored minority classes—particularly
“Suspected Pathological”—resulting in improved benefit but increased false positives. When costs were higher, the
classifier reverted to majority-class bias. Although its quantitative results lag behind the others, its interpretability,
probabilistic foundation, and computational efficiency make it a useful baseline for benefit-aware learning. These
qualities remain advantageous in early clinical prototyping or real-time decision-support systems where model
transparency and rapid inference are paramount.

The proposed BB-LR demonstrated consistently strong and stable performance across all test configurations.
With an average benefit score of ug = 0.70 and accuracy of p4 = 0.83, BB-LR outperformed traditional LR in
benefit terms while maintaining acceptable accuracy loss. Its robustness to varying benefit structures underscores
its ability to adaptively optimize clinical utility rather than purely statistical performance. In the confusion
matrices, BB-LR achieved balanced predictions across all classes, correctly identifying high-risk fetal conditions
while maintaining low false-positive rates among normal cases. This balance between clinical sensitivity and
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predictive reliability highlights the model’s practical value for healthcare deployment. Importantly, BB-LR
achieved these gains without the heavy computational complexity or instability often associated with more
sophisticated ensemble models.

When compared to the state-of-the-art ensemble methods, SAMME.C2, BAdaCost and NP-MC, notable distinc-
tions emerge. The SAMME.C2 algorithm, which adapts AdaBoost for multiclass problems, yielded the highest
mean benefit performance (ug = 0.80) and accuracy (i, = 0.88) across all runs. However, closer inspection
revealed that its superior averages were largely due to strong performance on the majority class, with diminishing
benefit gains for minority cases. Thus, while SAMME optimizes global accuracy effectively, its benefit-driven
outcomes are less balanced and may not translate into better patient-level decisions.

The BAdaCost model, which explicitly integrates cost-sensitive learning into boosting, achieved the overall
highest benefit score (ug = 0.82) and accuracy (i4 = 0.89). Yet, it exhibited signs of overfitting to specific
benefit configurations, its performance fluctuated when benefits and costs were close in magnitude. Although it
consistently outperformed LR numerically, its stability was inferior to BB-LR and H-CSLR, indicating reduced
robustness under uncertain or varying clinical benefit definitions.

Finally, the NP-MC classifier achieved identical benefit patterns to H-CSKLR (ug = 0.47, 14 = 0.77), reaffirming
that kernel-based cost formulations tend to be dominated by class imbalance unless augmented with benefit-
weighted optimization. While these ensemble and kernel-based approaches achieved impressive raw scores in
some cases, they lacked interpretability and adaptability compared to the proposed benefit-based models.

Overall, the results from the LHS analysis (Figures 2 and 3) confirm that the proposed BB-LR and H-CSLR
achieve the most favorable balance between benefit performance, accuracy, and interpretability:

+ H-CSLR demonstrates the highest clinical robustness and balance between benefit and accuracy.
» BB-LR offers a practical middle ground—strong benefit gains with stable accuracy and transparency.

While SAMME and BAdaCost achieve numerically higher accuracies, their benefit distributions and inter-
pretability are less aligned with real-world healthcare objectives.

Furthermore, in Section 4.4.2, the interpretability analysis demonstrates that the proposed BB-LR framework
provides insight into the factors influencing its classification decisions, addressing a key limitation of many
machine learning approaches in healthcare, where predictions are often generated without sufficient explanation.
The consistency between coefficient-based interpretation and permutation importance indicates that the identified
influential predictors are robust across both class-specific and global analyses.

The predominance of variability-related features highlights the importance of temporal characteristics within
cardiotocography signals for distinguishing between fetal health categories. These features capture changes
in fetal heart rate behaviour and contribute to the separation of normal, suspect, and pathological conditions.
By incorporating coefficient estimates, odds ratios, and feature importance measures, the proposed framework
provides a transparent decision-making process that allows users to understand not only the predicted outcome
but also the characteristics driving the prediction. This interpretability is particularly valuable in benefit-sensitive
healthcare classification, where the consequences of different classification errors may vary. Providing insight
into the factors influencing predictions can improve model transparency and facilitate greater confidence in the
use of machine learning approaches for clinical decision support.

Together, these findings underscore a crucial paradigm shift: benefit-aware classifiers, particularly the proposed
BB-LR and H-CSLR, move beyond accuracy as the sole performance criterion. They offer decision-support
mechanisms that prioritize patient impact and clinical outcomes, aligning model optimization with the goals of
modern healthcare analytics.
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5 Application to Other Datasets

In order to further validate the results obtained for the fetal health dataset, we tested all 5 algorithms on two
other datasets, a vertebral column classification dataset [6] and a dataset on HCV classification [25], specifically
hepatitis C, fibrosis and cirrhosis.

5.1 Datasets Descriptions

The vertebral column dataset contains patient data in the form of six (6) characteristics of the pelvis and lumbar
spine which were determined by their shape and alignment. These characteristics include pelvic tilt, pelvic
incidence, pelvic radius, sacral slope, lumbar lordosis angle, and grade of spondylolisthesis. The goal of the
dataset is to use these features to classify each patient into normal, disk hernia and spondylolisthesis. The dataset
contains a total of 310 patients, of which 100 are normal, 60 are diagnosed with disk hernia and the remaining
150 are diagnosed with spondylolisthesis. This dataset is an example of a case where the majority class is not the
healthy/normal patients. Therefore it is ideal for testing the robustness of the algorithms.

On the other hand, the HCV dataset comprises of laboratory measurements for both blood donors and
individuals with Hepatitis C. It also contains demographic information such as sex and age. The objective of this
dataset is to classify patients as normal (blood donors), hepatitis, fibrosis or cirrhosis. There are 615 patients in
the dataset, 540 normal, 24 hepatitis, 21 fibrosis and 30 cirrhosis patients.

5.2 Benefit-Based Models

5.2.1 Vertebral Column. We demonstrate an approach to calculating benefits with respect to medical costs. Again,
we can determine benefits starting with the baseline case. This is the case where we do nothing for the patient,
that is, the person was never a patient and hence was not examined for abnormalities of the spine. If nothing is
done for a ‘normal’ patient then there is no benefit, therefore we set by, = 0. However, if nothing is done for
a person with disk hernia then this can result in the patient eventually having to do surgery when it is finally
discovered. According to [31], the cost for surgery for disk hernia can be a maximum of 50,000 USD therefore
we set by, = —50. Similarly, if nothing is done for a patient with spondylolisthesis, then they may also end up
having to get surgery to correct it. According to [12], the cost of surgery for spondylolisthesis is approximately
86,000 USD, therefore we let by, = —86.

On the other hand, if a person has disk hernia and they were correctly diagnosed, then this can lead to the
person being treated and in the best case scenario they would not need to get surgery. According to [42], the cost
of treatment for disk hernia is approximately 14,000 USD, therefore if we minus this from the cost of surgery to
determine the amount saved, we get 36,000 USD. Therefore, we let b;; = 36. However, if a person with disk hernia
is misdiagnosed as having spondylolisthesis then they will be administered the incorrect treatment. According
to [36], the cost of opioid treatment for spondylolisthesis is approximately 20,000 USD. If we minus the cost of
treatment for disk hernia from the cost of treatment for spondylolisthesis we get 6,000 USD. This is the excess
cost that will be paid in treatment fees and also the value for b;,, therefore we set by, = —6

Similarly, if a person has spondylolisthesis and they are correctly diagnosed, then this can lead to the person
being treated and, again, in the best case scenario they would not need to get surgery. Therefore, we can set
bys = 64 which is the difference between the cost of surgery and the cost of treatment. However, if a person with
spondylolisthesis is misdiagnosed as having disk hernia, then the wrong treatment would be administered. Since
we run the risk of spondylolisthesis getting more severe which can possibly still lead to surgery. Therefore, we
set by; = —30, which is the average cost for spinal surgery according to [24], assuming that the administered
treatment still had an effect on the severity of progression of the spondylolisthesis. We use this value since it is
on the lower end for spondylolisthesis surgery.
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Table 8. Cost-Based Benefit-Matrix for Vertebral Column Classification

Predicted Class
Actual Class Normal | Disk Hernia | Spondylolisthesis
Normal 0 -14 -20
Disk Hernia -50 36 -6
Spondylolisthesis -86 -30 64

Table 9. Benefit Values for Sensitivity Analysis - Vertebral Column

boo | bor | oz | bao | by | bra | Bao | bay | oo
0.0 | -124 | -20.9 | -46.2 | 35.8 | -5.3 | -86.5 | -29.4 | 72.5
00 | -144 | -204 | -49.0 | 31.1 | -4.8 | -72.7 | -35.0 | 68.2
0.0 | -13.6 | -21.7 | -44.3 | 31.7 | -7.2 | -101.4 | -24.7 | 69.1
0.0 | -11.7 | -229 | -52.2 | 34.2 | -5.6 | -84.9 | -31.4 | 65.9
0.0 | -16.5 | -23.7 | -41.7 | 42.6 | -6.5 | -76.9 | -31.0 | 52.8
0.0 | -12.1 | -21.6 | -47.1 | 31.0 | -7.6 | -83.7 | -33.2 | 61.7
0.0 | -150 | -244 | -54.2 | 383 | -7.2 | -90.1 | -27.4 | 55.5
0.0 | -183 | -22.3 | -39.1 | 40.3 | -6.8 | -75.7 | -37.6 | 46.9
00 | -13.8 | -19.0 | -49.5 | 384 | -5.5 | -89.9 | -29.3 | 724
00 | -124 | -184 | -51.9 | 33.6 | -5.0 | -74.0 | -35.2 | 58.9

Finally if a normal person was misdiagnosed as having disk hernia or spondylolisthesis then treatment would
be administered accordingly, Based on the cost of treatment of both injuries and with the assumption that the
patient is correctly diagnosed after at least one month of treatment then we can set by; = —14 and by, = —20.
Table 8 depicts these benefit values.

5.2.2 Hepatitis C. Benefit values can be derived using life expectancy or medical costs as depicted for the fetal
health and vertebral column datasets, respectively; however, here we assign values based on severity of the
disease. According to [28], hepatitis C progresses to liver fibrosis and the last stage of progression is cirrhosis.
Using this information benefit values are assigned as shown in Table 10.

5.3 Sensitivity Analysis

As with the fetal health dataset, sensitivity analysis was performed to test the robustness of the models with
the vertebral column and HCV datasets. This analysis employed the LHS-based perturbation strategy, which
systematically varies the benefit-cost parameters across a multidimensional space to generate diverse yet evenly
distributed combinations of 7 values. Hence, the 10 combinations generated through LHS sampling test different
extremities of the n parameter space. These variations, which ensure a comprehensive exploration of the model’s
sensitivity to benefit—cost assumptions, are summarized in Tables 9 and 11.
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Table 10. Severity-Based Benefit-Matrix for HCV Classification (Normal, Hepatitis, Fibrosis, Cirrhosis)

Predicted Class
Actual Class | Normal | Hepatitis | Fibrosis | Cirrhosis
Normal 0 -1 -2 -3
Hepatitis -15 25 -5 -6
Fibrosis -32 -20 50 -15
Cirrhosis -50 -40 -30 80

Table 11. Benefit Values for Sensitivity Analysis - HCV

boo | bor | Boa | oz | Bro | iy | Bua [ Bas | bao | Bay | bag | bus | bsg | bsy | bsy | bs
00 |-09|-221-27|-17.6 | 259 | -5.7 | -5.2 | -30.3 | -22.1 | 41.3 | -144 | -49.7 | -32.5 | -27.9 | 75.2
00|-09|-19]|-35]|-163 | 28.6 | -4.8 | -59 | -325 | -16.1 | 58.6 | -12.6 | -57.1 | -46.5 | -34.5 | 95.3
00 |-111|-181]-33]|-16.1|29.6 | -43 | -54|-285|-203|495 | -16.0 | -58.0 | -36.4 | -33.3 | 89.3
00 |-101|-19|-3.2|-14.1| 263 | -5.4 | -6.2 | -38.3 | -23.5 | 469 | -12.6 | -53.1 | -45.1 | -27.2 | 91.7
00| -111|-24)|-26|-13.7 | 20.6 | -5.0 | -7.1 | -36.7 | -22.5 | 52.4 | -13.5 | -46.3 | -43.0 | -24.2 | 67.8
00 |-101|-23]|-25]|-155]| 276 | -45 | -5.7 | -339 | -18.9 | 423 | -16.5 | -45.6 | -40.7 | -359 | 77.4
00 |-111|-15]|-271|-12.6 |244 | -4.0 | -6.3 | -31.6 | -184 | 569 | -17.3 | -55.6 | -39.1 | -30.0 | 82.8
00 |-101|-171]-29]|-169 | 23.2 | -55 | -69 | -26.2 | -21.5 | 447 | -149 | -42.5 | -35.1 | -31.1 | 84.6
00 |-101|-19|-3.2|-14.1| 263 | -5.4 | -6.2 | -38.3 | -23.5 | 469 | -12.6 | -53.1 | -45.1 | -27.2 | 91.7
00 |-12|-211]-3.1]|-14.7| 225 | -5.8 | -6.6 | -27.2 | -19.2 | 543 | -15.1 | -40.6 | -43.8 | -25.8 | 66.6

5.4 Results

5.4.1 Classification Results. In Tables 12 and 13 we see the average benefit values (B), benefit performance scores
(1) and accuracy scores achieved by all 8 classifiers from Section 3 with the medical costs benefit matrix for
vertebral column classification and severity benefit matrix for HCV classification, across all 5 folds. We see that
the proposed BB-LR and also the H-CSLR gave the best performance and benefit scores for the vertebral column
classification. Accuracy was not sacrificed due to the properties of the dataset (distribution of classes), instead
benefit was increased by correctly classifying more of the more costly cases. However, since the HCV dataset
contained the typical distribution of classes (majority was normal patients), accuracy was sacrificed to achieved
higher benefits. The SAMME.C2 overall performance was the highest for the HCV classification; however, it’s
performance for the individual folds was inconsistent. SAMME.C2 and BAdaCost gave identical performance for
the vertebral column classification, illustrating the boosting algorithm’s limitations with the distribution of the
classes in the dataset.

Using 10 benefit matrices generated via LHS, we evaluated the robustness of all eight classifiers across the
Vertebral Column and HCV datasets. Figures 5 and 7 show that the proposed BB-LR and H-CSLR achieved
consistently strong and stable benefit performance, with average scores between 0.72 and 0.76 on the HCV dataset
and approximately 0.90 on the Vertebral dataset. Both models outperformed the traditional accuracy-based LR
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Table 12. Average Benefit, Performance and Accuracy Results with the Medical Costs Benefit Values Across All 5 Folds for
Vertebral Column Classification

Algorithm Benefit, B | Performance, i | Accuracy
BB-LR 37.19 0.97 0.98
BB-NB 23.90 0.63 0.49
H-CSKLR 12.54 -0.33 0.19
H-CSLR 36.38 0.97 0.97
SAMME.C2 32.70 0.85 0.91
BAdaCost 32.70 0.85 0.91
NP-MC 36.63 0.96 0.98
Traditional Accuracy-Based LR 35.10 0.92 0.97

Table 13. Average Benefit, Performance and Accuracy Results with the Severity Benefit Values Across All 5 Folds for HCV
Classification

Algorithm Benefit, B | Performance, i1 | Accuracy
BB-LR 4.80 0.66 0.92
BB-NB -2.06 -0.38 0.03
H-CSKLR -3.44 -0.63 0.90
H-CSLR 3.56 0.65 0.56
SAMME.C2 5.46 0.82 0.98
BAdaCost 2.87 0.44 0.96
NP-MC 1.78 0.31 0.87
Traditional Accuracy-Based LR 4.60 0.63 0.95

and the cost-sensitive baselines, demonstrating the effectiveness of directly incorporating benefit information
into model optimization.

Although SAMME and BAdaCost recorded the highest overall average benefit values (0.83-0.85), their perfor-
mance across folds was highly variable, with some runs producing very low benefit scores and others extremely
high ones. This inconsistency inflated their averages, suggesting that their benefit gains were incidental to their
high overall accuracy rather than reflective of consistent benefit-oriented learning. In contrast, the proposed
BB-LR and H-CSLR models maintained stable benefit scores across all folds and benefit matrix configurations,
confirming their robustness to varying benefit—cost structures. The BB-NB and H-CSKLR models performed
poorly throughout, highlighting their limited ability to adapt to benefit-weighted objectives.

The corresponding accuracy plots (Figures 6 and 8) show that both BB-LR and H-CSLR achieved accuracies
around 0.85-0.86 for the HCV dataset—slightly below ensemble methods but substantially higher than cost-based
models. For the Vertebral Column dataset, both benefit-based models maintained high benefit scores while
showing a marginal increase in accuracy compared to standard LR. These results confirm that the proposed
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Fig. 6. Accuracy Scores for Vertebral Column Dataset Across Multiple Benefit Matrices

methods yield robust and benefit-aware classifiers capable of maintaining reliable predictive performance while
optimizing for outcomes that are more meaningful in healthcare contexts.
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5.4.2  Feature Importance and Model Interpretability. Consistent with the Fetal Health dataset, model interpretabil-
ity was assessed using both the estimated coefficients of the proposed BB-LR model and permutation importance.
Tables 14 and 15 present the most influential features for each one-versus-rest classifier, ranked by the absolute
magnitude of their coefficients. For the Vertebral Column dataset, degree spondylolisthesis was the dominant
predictor across all classifiers. It exhibited the largest negative coefficient for the Normal classifier (coefficient =
-0.1297, OR = 0.8784) and the largest positive coefficient for the Spondylolisthesis classifier (coefficient = 0.1836,
OR = 1.2015). For the Disk Hernia classifier, pelvic tilt was the strongest positive predictor (coefficient = 0.0989,
OR = 1.1040), while degree spondylolisthesis and sacral slope were negatively associated with class membership.
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For the Hepatitis C dataset, the influential features varied across classifiers. ALP was the strongest positive
predictor for the Normal classifier (coefficient = 0.0571, OR = 1.0587), whereas Age (coefficient = -0.0840, OR =
0.9194) and ALP (coefficient = -0.0702, OR = 0.9322) were most influential for the Hepatitis classifier. ALP also
dominated the Fibrosis classifier (coefficient = -0.0751, OR = 0.9277), while albumin (ALB) had the largest effect
for the Cirrhosis classifier (coefficient = -0.0424, OR = 0.9585).

Permutation importance confirmed these findings as illustrated in Figures 9 and 10. For the Vertebral Column
dataset, degree spondylolisthesis produced the largest decrease in benefit score (0.4512), substantially exceeding
all remaining features. For the Hepatitis C dataset, ALP (0.2110), AST (0.1962), CREA (0.1769), and ALT (0.1751)
were the most influential variables, whereas Sex and CHOL had negligible importance. The consistency between
the coefficient-based rankings and permutation importance demonstrates that the same predictors were identified
as most influential by both local and global interpretability analyses.

Table 14. Most influential features identified by the proposed BB-LR model for the Vertebral Column dataset.

Classifier Feature Coefficient | Odds Ratio
Degree spondylolisthesis -0.129655 0.878398
Pelvic tilt -0.096559 0.907957
Normal Sacral slope 0.049317 1.050554
Pelvic radius -0.015671 0.984451
Pelvic incidence -0.014521 0.985584
Pelvic tilt 0.098899 1.103955
Degree spondylolisthesis -0.062509 0.939404
Disk Hernia Sacral slope -0.061011 0.940813
Lumbar lordosis angle -0.034083 0.966491
Pelvic radius 0.015037 1.015151
Degree spondylolisthesis 0.183569 1.201498
Lumbar lordosis angle 0.046844 1.047958
Spondylolisthesis | Pelvic radius -0.038194 0.962526
Sacral slope 0.007881 1.007912
Pelvic incidence -0.006845 0.993178

5.5 Discussion

The results obtained from the Vertebral Column and HCV datasets, along with the sensitivity analysis using LHS,
confirm the robustness and generalizability of the proposed benefit-based learning approaches. Consistent with
the findings from the fetal health dataset, both the BB-LR and the H-CSLR demonstrated superior performance in
terms of benefit and stability compared to the traditional accuracy-based LR and cost-sensitive baselines.

For the Vertebral Column dataset (Table 12), the proposed BB-LR model achieved the highest overall benefit
(37.19) and performance score (0.97), closely followed by the H-CSLR model (36.38, 0.97). Both approaches
achieved high accuracy levels (0.97-0.98), slightly exceeding the traditional accuracy-based LR (0.97) while
offering higher benefit values. These results indicate that the benefit-based formulations can enhance both clinical
utility and predictive precision in datasets with relatively balanced class distributions. The NP-MC method
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Fig. 9. Global feature importance analysis of the proposed BB-LR model using permutation importance for Vetebral Column
Classification

Table 15. Most influential features identified by the proposed BB-LR model for the HCV dataset.

Classifier ‘ Feature ‘ Coefficient | Odds Ratio
ALP 0.057065 1.058725
CREA -0.049752 0.951465
Normal AST -0.035603 0.965023
GGT -0.031709 0.968788
PROT -0.016420 0.983714
Age -0.084036 0.919398
ALP -0.070192 0.932215
Hepatitis ALB 0.049044 1.050267
PROT 0.039480 1.040270
CHE 0.035387 1.036020
ALP -0.075059 0.927689
ALT 0.028642 1.029057
Fibrosis Age 0.019580 1.019773
Sex 0.018968 1.019149
GGT 0.018725 1.018902
ALB -0.042436 0.958451
AST 0.034447 1.035047
Cirrhosis BIL 0.032458 1.032991
PROT -0.026579 0.973771
CHE -0.025215 0.975100

also performed competitively (Benefit = 36.63, y = 0.96), suggesting it can adapt reasonably well when class
separation is distinct. In contrast, SAMME.C2 and BAdaCost achieved good average benefit and accuracy (0.85,
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Fig. 10. Global feature importance analysis of the proposed BB-LR model using permutation importance for HCV Classifica-
tion

0.91) but showed inconsistent behavior across folds, producing very high benefits in some cases and substantially
lower ones in others. This variability suggests that while ensemble boosting techniques can align with benefit
maximization under certain conditions, their performance lacks the fold-to-fold stability of the proposed methods.
The BB-NB (Benefit = 23.90, ;1 = 0.63) and H-CSKLR (Benefit = —12.54, y = —0.33) performed poorly, confirming
that cost-based formulations fail to capture the asymmetry of benefit-driven objectives.

For the HCV dataset (Table 13), similar patterns emerged. The BB-LR and H-CSLR models achieved average
benefits of 4.80 and 3.56, respectively, outperforming the traditional LR baseline (4.60). Both models maintained
benefit performance scores around 0.65-0.66, demonstrating that explicit benefit optimization improves expected
clinical utility even with small reductions in accuracy. The H-CSLR model exhibited slightly lower accuracy (0.56)
than BB-LR (0.92), indicating greater sensitivity to class imbalance and benefit weighting. Ensemble methods
again showed strong but unstable behavior. SAMME.C2 attained the highest average benefit (5.46) and accuracy
(0.98), whereas BAdaCost performed inconsistently, producing benefit values ranging from high positive to
near-zero across folds. Meanwhile, BB-NB and H-CSKLR continued to perform poorly, with negative benefit
values and limited discriminative capability, classifying nearly all samples as dominant classes, similar to their
behavior on the fetal health dataset.

The LHS sensitivity analysis across ten benefit matrices reinforces these observations. The proposed benefit-
based models, particularly BB-LR, remained stable and resilient to wide variations in benefit values, consistently
outperforming or matching the baseline LR in most runs. By contrast, the ensemble methods, though occasionally
achieving higher peak benefits, exhibited erratic fold-level performance, while the cost-based models consistently
underperformed across all benefit configurations.

In addition, the interpretability analysis demonstrated that the proposed BB-LR framework provides transparent
insight into the factors influencing its predictions. The agreement between coefficient-based interpretation and
permutation importance across both datasets indicates that the identified predictors are robust from both class-
specific and global perspectives. For the Vertebral Column dataset, degree spondylolisthesis consistently emerged
as the dominant predictor, with pelvic alignment measures also contributing to discrimination between spinal
conditions. For the Hepatitis C dataset, the most influential variables corresponded to established indicators of
liver function, including ALP, AST, ALT, albumin, and bilirubin, while variables such as Sex and CHOL contributed
minimally.
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These results solidifies the previous statements that combining model coefficients, odds ratios, and permutation
importance provides a transparent and consistent explanation of the model’s predictions while preserving the
inherent simplicity and interpretability of logistic regression. Such interpretability is particularly valuable in
benefit-sensitive healthcare applications, where understanding the rationale underlying model predictions can
improve transparency and support clinical decision-making.

Overall, these findings confirm that the proposed benefit-based formulations (BB-LR and H-CSLR) provide a
more robust and interpretable framework for medical classification tasks. They effectively balance benefit and
accuracy, maintaining consistent performance under varying benefit structures. The stability of their results
across datasets and sampling conditions highlights their potential as reliable decision-support tools for healthcare
applications, where maximizing benefit is often more critical than optimizing accuracy alone.

6 Discussion

To ensure that the proposed models are practical and clinically meaningful, this study emphasizes both in-
terpretability and methodological transparency. The proposed BB-LR model was deliberately chosen for its
explainability and direct probabilistic formulation, which are essential for trust and clinical adoption. Logistic
Regression offers clear, interpretable outputs that express predictions in terms of odds and likelihood, allowing
clinicians to understand how individual features contribute to the final decision. Each model coefficient corre-
sponds to a measurable influence of a patient attribute, such as a biomarker, physiological signal, or symptom, on
the predicted outcome. This transparency enables healthcare professionals to trace the reasoning behind model
recommendations and to integrate them confidently into diagnostic or triage workflows.

Complementing this, Naive Bayes (NB) was selected for its robustness on smaller and imbalanced datasets and
for its computational efficiency in real-time clinical applications. Although NB assumes conditional independence
among features, it performs reliably in many healthcare contexts and supports the incorporation of benefit—cost
weighting through adjustments to its class-conditional likelihoods. Together, these foundational models provide a
transparent and analytically tractable environment for testing the benefit-cost framework before extending it to
more complex non-linear or ensemble architectures. Their inclusion underscores the importance of interpretability,
reproducibility, and stability, key criteria for clinically deployable decision-support systems.

The integration of the generalized framework introduced in Section 3.8 further strengthens the practical
relevance of the proposed approach. This framework provides a systematic, data-driven method for deriving
benefit and cost parameters (b;j) from measurable clinical indicators such as survival probabilities, treatment
success rates, and healthcare expenditures. By grounding these parameters in epidemiological and economic data,
rather than arbitrary numerical assumptions, the model’s optimization objectives become more transparent and
reproducible across healthcare domains. The same framework also accommodates expert elicitation and Bayesian
updating when empirical data are limited, allowing it to adapt to different disease areas while maintaining
methodological consistency.

Despite these advances, careful selection of benefit and cost values remains critical. Misestimated parameters can
distort the model’s decision boundaries, leading to clinically undesirable outcomes. For example, underestimating
the cost of false negatives may cause the system to overlook high-risk patients, whereas overestimating false
positives could result in unnecessary interventions, increased resource use, or patient anxiety. Such misalignments
not only reduce model performance but may also introduce ethical or legal concerns if avoidable adverse outcomes
occur. The sensitivity analyses conducted in this study provide a structured means to examine how variations in
the benefit—cost matrix affect model behavior, supporting informed calibration that reflects clinical priorities and
real-world trade-offs.

Overall, the combination of interpretable base classifiers and the generalized benefit—cost derivation framework
advances the development of clinically grounded, transparent, and ethically aligned cost-sensitive learning models.
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These enhancements strengthen the link between algorithmic decision-making and clinical value, fostering trust
and supporting responsible deployment of machine-learning systems in healthcare.

7 Conclusions

In various domains, datasets often exhibit a skew towards specific classes, a common occurrence in healthcare
datasets where healthy individuals usually predominate. Conventional machine learning classifiers typically
assume uniform costs for misclassifying healthy and diseased individuals, as well as equal benefits for correctly
classifying both groups. However, this assumption does not align with reality. Misclassifying a diseased individual
incurs greater costs and correctly identifying such individuals holds higher benefits due to the potential for
early treatment and improved recovery chances. This complexity escalates in multiclass datasets, where different
classes may carry varying consequences for misclassification and benefits for correct classification.

In this paper, we address the issue of multiclass classification of imbalance datasets where the benefits and
costs of correct and incorrect classification varies among the classes. We proposed a BB-LR classifier, a BB-NB
classifier and also a modification to a H-CSKLR classifier proposed by [47] using our Benefit-Based LR from
[38]. [47]’s method is one of the most recent works in the field, hence, we compare these three algorithms to
the original classifier proposed by [47] and benchmark these against traditional accuracy-based LR as well as
state-of-the-art methods, SAMME.C2, BAdaCost and NP-MC. Our comparison utilizes a Fetal Health classifier
encompassing "Normal”, "Suspected Pathological”, and "Pathological” labels. We demonstrated how benefits and
costs can be established using a life-expectancy model and applied these benefits and costs to all 5 classifiers. We
access the performance of all 5 classifiers based on a benefit-based performance metric originally introduced
in [38] and modified for the multiclass case, and we also show how these modifications to account for benefits
and costs in the classifiers affect overall accuracy. The experiments were then repeated using a vertebral column
classification dataset and a HCV classification dataset in order to validate the results obtained. The results proved
that the proposed BB-LR was the most robust and stable solution out of all of the classifiers, including [47]’s
method which is a recently published algorithm in the field. Furthermore, although we applied the methods for
the use case of medical diagnosis, the proposed algorithm can be applied to any dataset where the benefits and
costs associated with the classification outputs are important.

To provide a more systematic and clinically grounded foundation for benefit and cost estimation, we proposed
a generalized framework for deriving benefit and cost parameters. This framework provides a data-driven method-
ology for estimating benefit and cost values (b;j) from real-world clinical indicators such as survival probabilities,
treatment success rates, and healthcare expenditures. The framework formalizes how these parameters can be
derived from epidemiological data, clinical cost studies, or QALY estimates, while also allowing for expert elicita-
tion and Bayesian updating in cases where empirical evidence is limited. This framework ensures a transparent,
reproducible, and clinically meaningful approach for deriving benefit and cost parameters, strengthening both
the theoretical rigor and real-world applicability of the proposed models.

Across all datasets and under multiple benefit configurations generated via LHS, the proposed BB-LR consis-
tently produced the most stable and reliable benefit performance, achieving higher benefit values than traditional
accuracy-based LR in nearly all cases. The H-CSLR model also performed strongly, providing comparable benefits
while maintaining robust accuracy. Although ensemble-based methods such as SAMME.C2 and BAdaCost occa-
sionally achieved higher average benefits, their performance across folds was highly inconsistent—producing
very high benefits in some runs and substantially lower ones in others, resulting in inflated averages but limited
reliability. In contrast, the proposed benefit-based methods remained stable across all LHS runs and datasets.
The cost-sensitive methods, namely the BB-NB and H-CSKLR, performed poorly across all experiments, often
favoring a single class and demonstrating limited adaptability to varying benefit structures.
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Overall, the findings confirm that the proposed benefit-based formulations provide a robust and interpretable
framework for multiclass healthcare classification. By explicitly optimizing for expected benefit rather than
accuracy alone, the BB-LR and H-CSLR models yield decisions that are better aligned with clinical priorities.
The addition of the generalized benefit-cost derivation framework further enhances the transparency and
reproducibility of the approach, establishing a foundation that is adaptable across a wide range of healthcare and
decision-support applications. Although demonstrated in a medical context, these methods are broadly applicable
to any domain where outcomes have unequal costs and benefits.

For future endeavors, we aim to extend the benefit-based approach to other classifiers, broadening its utility
across various applications. In addition, due to the sensitive nature of the results for healthcare decisions, we also
would like to explore hybrid approaches which combine multiple benefit-based and cost-sensitive algorithms in
order to further increase the benefits, accuracy and reliability of the results. Additionally, future research could
examine the performance of these models across a broader range of datasets, particularly those with more diverse
and complex clinical characteristics. For instance, datasets featuring high-dimensional data, like electronic health
records (EHRs), which encompass varied patient histories, laboratory results, and diagnostic images, would test
the models’ robustness in handling multifaceted healthcare data. Additionally, applying these models to real-time
diagnostic tools, such as those used for continuous patient monitoring or emergency care, would provide insights
into their adaptability for time-sensitive applications. Exploring these areas would allow for further assessment
of model accuracy, responsiveness, and scalability in real-world, high-stakes healthcare environments, helping
validate their suitability for critical decision-making.
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