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Abstract

Binary classification is one of the most common supervised machine-learning problems.
Several metrics have been defined in the literature to assess the performance of binary
classification machine-learning models. However, using different metrics to compare
two or more models may yield different results, often prompting comparative studies on
the best metric for performance analysis. The current paper addresses this topic by devel-
oping a theoretical framework, which is validated through examples of real-world binary
classification problems. As a first step, the paper defines the concept of equivalent metrics
and identifies all pairs of State-of-the-Art metrics that yield the same conclusion when two
classifiers are compared. The paper then identifies a specific classification threshold, called
the “Point-of-Balanced Performance” (PoBP), for which the entire set of State-of-the-Art
performance metrics yields consistent results when comparing classifiers. The paper also
identifies the geometrical representation of the PoBP in the Receiver Operating Character-
istic curve. Although identifying the PoBP during the training phase is trivial, this is not
the case for inference. The paper defines and compares various approximation methods
for identifying the PoBP during inference. The results of the analysis are then applied to
real-world examples, indicating that the PoBP can become the preferred approach without
excluding the option of selecting a State-of-the-Art approach depending on the specific
problem characteristics. Overall, the paper provides useful theoretical insights and new
tools for approaching binary classification analysis.

Keywords: binary classification; machine learning; confusion matrix; performance metrics;
class probabilities

1. Introduction
Binary classification is a fundamental task in supervised machine learning [1]. It

involves categorizing data points into one of two distinct classes based on a set of input
features. Typically, the two classes are named “Positive” and “Negative” classes with
appropriate meaning in each specific problem. Binary classification is prevalent across
various applications, ranging from healthcare and finance to image recognition. Due to its
basic nature, binary classification has attracted research interest in recent decades, leading
to significant progress in the field of Machine Learning (ML).

One direction of research refers to the efficiency of binary classifiers, leading to the def-
inition of a wide variety of binary classification algorithms indicatively including: Logistic
Regression (LogReg), Naïve Bayes (NB), Support Vector Machines (SVM), Decision Trees
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(DT), Random Forest (RF), k-Nearest Neighbors (k-NN), Convolutional Neural Networks
(CNN), Artificial Neural Networks (ANN), Extreme Gradient Boosting (XGB), etc. [2,3].
In another line of research, the performance of binary classifiers has been analyzed using
appropriate metrics. The performance metrics of a binary classification model are typically
calculated based on the so-called Confusion Matrix (CM) [4,5]. A quite high number of per-
formance metrics have been proposed in the literature, each providing certain performance
insights. Such metrics include Accuracy, Precision, Recall, the F1-Score, or the Matthews
Correlation Coefficient (MCC) [6].

A typical study of a binary classification problem involves comparing different binary
classifiers to identify the most efficient one. Such a process is based on selecting one or
more performance metrics. The wide variety of performance metrics available for binary
classification can often lead to conflicting conclusions about the best-performing model.
To address this issue, data scientists must select the metric or set of metrics to consider for
the scope of their study, taking into account the pros and cons of each. For example, it is
well known that Accuracy (the ratio of correct predictions) is not representative of a binary
classifier’s performance on datasets with highly imbalanced class distributions [7–9].

The paper addresses the problem of the wide variety of binary classification perfor-
mance metrics. The literature in principle follows an approach of identifying the best
performance metric [7–29]. A different approach is followed in this paper, starting with the
definition of equivalent performance metrics that correspond to the case where two metrics
lead to the same conclusion when the performance of a pair of classifiers is considered.
The paper then defines the PoBP as the point at which the number of predicted positives
equals the number of actual positives. It is shown that at this specific point, all performance
metrics become equivalent, eliminating the issue of which metric is most appropriate for the
problem analysis. The paper then considers the geometrical representation of the PoBP on
the Receiver Operating Characteristic (ROC) curve, which is another common State-of-the-
Art method for performance analysis. The problem of PoBP identification during inference
is also addressed through a number of approximation methods. Finally, the method for
exploiting the PoBP during the analysis of real binary classification problems is illustrated.
Overall, the paper aims to provide key insights into what drives the observed differences
in performance metrics and to propose a new method for analyzing the performance of
binary classifiers.

The paper is organized as follows: Section 2 provides the modeling framework of
binary classification. Section 3 provides State-of-the-Art performance metrics for binary
classification and demonstrates that different metrics may lead to different conclusions
about the best-performing classifier. Section 4 defines the concept of Equivalent Perfor-
mance Metrics and shows that there are several pairs of metrics with this property. Section 5
introduces the concept of the PoBP and shows that, at the PoBP, all performance metrics
become equivalent. Section 6 provides the geometrical representation of the PoBP in the
ROC curve space. Section 7 provides alternative methods for identifying the PoBP dur-
ing inference. Section 8 provides specific examples that compare PoBP performance vs.
alternative points of performance. Section 9 provides the paper’s conclusions and the next
research steps. The entire analysis is supported by example results from real-world binary
classification problems and State-of-the-Art classifiers listed in Appendix A.

2. Modeling of the Binary Classification Problem
For a specific input dataset X with the corresponding set of class labels Y, we define the

following parameters: S as the total number of input samples, P as the number of samples
with a “positive” class label, and N as the number of samples with a “negative” class label.
A trained binary classifier predicts the class label of each sample, leading to the set of
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predicted labels, Ŷ. We define PP as the number of samples with a positive predicted label
and PN as the number of samples with a negative predicted label. The Confusion Matrix
(CM) of a binary classification problem is provided in Table 1 [5]. The elements of the CM
correspond to the number of the dataset samples for which a specific combination of actual
and predicted class occurs: TP (True Positives): both the predicted and the actual class is
positive, TN (True Negatives): both the predicted and the actual class is negative, FP (False
Positives): predicted class positive and actual class negative and FN (False Negatives):
predicted class negative and actual class positive. Table 1 also depicts the relation between
the CM elements and P, N, PP, PN, and S.

Table 1. The Confusion Matrix of a binary classification problem.

Actual Positive Actual Negative Total

Predicted Positive TP FP TP + FP = PP

Predicted
Negative FN TN FN + TN = PN

Total TP + FN = P FP + TN = N P + N = PP + PN = S

For a wide variety of binary classifiers, it is possible to identify the class probabilities
corresponding to the conditional probability of the class label having a specific value
(positive or negative) given a certain input sample. In this paper, we consider the following
process for predicting class ŷi of the input sample i (i = 1, 2, . . . , S) based on a trained
model [23]: (a) estimation of the class probabilities (p̂p(i) positive and p̂n(i) = 1 − p̂p(i)
negative class probabilities) and (b) application of a classification threshold θ to predict the
class label of each input sample based on the following condition:

ŷi =

{
Positive i f p̂p(i) ≥ θ

Negative i f p̂p(i) < θ
(1)

The most common classification threshold is θ = 0.5, with the predicted class corre-
sponding to the maximum class probability for each input sample. However, depending
on the specific classification problem and the performance metric in focus, a different
classification threshold may be adopted.

3. Performance Metrics for Binary Classification
The performance analysis of binary classifiers has, over time, led to the definition of a

wide range of metrics, as shown in Table 2 [7–27]. All listed metrics in Table 2 are defined
under the assumption that their denominators are nonzero. According to the literature,
each metric captures certain insights into the performance of a binary classifier. Moreover,
each metric is characterized by certain pros and cons leading to the need of a proper metric
selection in the study of a specific problem. In particular, refs. [7–12] considers the advan-
tages of MCC over a number of different metrics, while [13] highlights the fact that MCC is
not a balanced measurement. In [14,15], the issue of Accuracy is highlighted, especially in
the presence of prevalence variance. In [16], the issues related to Cohen’s kappa metric are
presented. In [17], it is recommended to move from analysis based on Precision, Recall, and
F-measure metrics to ROC, Informedness, Markedness, and correlation analysis. In [18],
the Efficiency Index is introduced as a new proposed metric. The fact that appropriate
instance selection improves geometric mean Accuracy for imbalanced input datasets is ad-
dressed in [19]. The benefits of the G4 metric for the medical device validation problem are
illustrated in [20]. The classification threshold for maximizing F1-score is provided in [21].
In [22], an overview of binary classification performance metrics is provided, while [23]
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provides a unified view of performance metrics, highlighting the relationship between the
classification threshold and the expected classification loss. In [24–26], the issues related to
F-score (F1-score, Fβ-score) are highlighted, proposing alternative metrics such as F* (Jac-
card Index) or F1* (arithmetic mean of F1-score and Accuracy). A comparison of 17 metrics
and their validity across different binary classification problem datasets is provided in [27].
Finally, refs. [28,29] provide alternative methods (meta-metrics) to measure the efficiency
of binary classification performance metrics.

Table 2. An indicative list of Binary Classification Performance Metrics.

A/A Metric Name Symbol and Definition

1 Accuracy Acc = (TP + TN)/S

2 Fraction of Inefficiency FiC = (FP + FN)/S

3 True Positive Rate (Recall, Sensitivity) TPR = TP/P

4 True Negative Rate (Specificity) TNR = TN/N

5 Balanced Accuracy BA = (TPR + TNR)/2

6 False Positive Rate (Fall-Out Rate) FPR = FP/N

7 False Negative Rate (Miss Rate) FNR = FN/P

8 Positive Predictive Value (Precision) PPV = TP/PP

9 Negative Predictive Value NPV = TN/PN

10 False Discovery Rate FDR = FP/PP

11 False Omission Rate FOR = FN/PN

12 F1-Score F1 = 2·TPR·PPV/(TPR + PPV)

13 Fβ-Score Fβ =
(
1 + β2)·TPR·PPV/

(
β2·TPR + PPV

)
14 Cohen’s kappa (see Appendix B) k = 2·(TPR + TNR − 1)/(PP/P + PN/N)

15 Youden’s J Statistic (Informedness) BM = TPR + TNR − 1

16 Markedness MK = PPV + NPV − 1

17 Matthews Correlation Coefficient
(see Appendix B) MCC = (TPR + TNR − 1)

√
(P·N)/(PP·PN)

18 Fowlkes–Mallows Index FM =
√

TPR·PPV

19 Jaccard Index (Threat Score) TS = TP/(TP + FP + FN)

20 Prevalence Threshold PT =
(√

TPR·FPR − FPR
)

/(TPR − FPR)

21 P4 metric P4 = 1/(1/TPR + 1/PPV + 1/TNR + 1/NPV)

22 Positive Likelihood Ratio LR+ = TPR/FPR

23 Negative Likelihood Ratio LR− = FNR/TNR

24 Diagnostics Odd Ratio DOR = LR + /LR−
25 Efficiency Index EI = (TP + TN)/(FP + FN)

26 Inefficiency Index InI = (FP + FN)/(TP + TN)

27 G-Mean Score GM =
√

TPR·TNR

28 G4 Score G4 = 4
√

TPR·PPV·TNR·NPV

Table 3 provides the performance metrics for a set of binary classifiers (see Appendix A:
ANN, LogReg, RF, DT, NB, CNN, and XGB) applied to Problem 1 (see Appendix A) on
a test dataset of size S = 3295 samples and a classification threshold of θ = 0.5. The table
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illustrates that comparing two or more models may yield different conclusions, depending
on the performance metric used.

Table 3. Metric values vs. the applied classifier for Problem 1 (best-performing classifier per metric
marked with bold).

ANN LogReg RF DT NB CNN XGB

Accuracy 0.916 0.906 0.904 0.905 0.905 0.913 0.918

Fraction of Inefficiency 0.084 0.094 0.096 0.095 0.095 0.087 0.082

True Positive Rate
(Recall, Sensitivity) 0.569 0.377 0.276 0.536 0.344 0.429 0.561

True Negative Rate
(Specificity) 0.959 0.978 0.982 0.953 0.976 0.974 0.964

Balanced Accuracy 0.764 0.678 0.629 0.745 0.660 0.701 0.762

False Positive Rate
(Fall-Out Rate) 0.041 0.022 0.018 0.047 0.024 0.026 0.036

False Negative Rate
(Miss Rate) 0.431 0.623 0.724 0.464 0.656 0.571 0.439

Positive Predictive
Value (Precision) 0.638 0.700 0.654 0.602 0.645 0.678 0.669

Negative Predictive
Value 0.946 0.920 0.917 0.940 0.922 0.931 0.944

False Discovery Rate 0.362 0.300 0.346 0.398 0.355 0.322 0.331

False Omission Rate 0.054 0.080 0.083 0.060 0.078 0.069 0.056

F1-Score 0.602 0.490 0.388 0.567 0.449 0.525 0.610

Fβ-Score (β = 2) 0.623 0.597 0.513 0.588 0.549 0.607 0.644

Cohen’s kappa 0.555 0.443 0.345 0.514 0.402 0.480 0.564

Informedness 0.528 0.355 0.258 0.490 0.320 0.403 0.525

Markedness 0.585 0.620 0.570 0.542 0.567 0.608 0.613

Mathews’ Correlation
Coefficient 0.556 0.469 0.384 0.515 0.426 0.495 0.567

Fowlkes–Mallows
Index 0.603 0.514 0.425 0.568 0.471 0.539 0.612

Jaccard Index (Threat
Score) 0.430 0.325 0.241 0.396 0.289 0.356 0.439

Prevalence Threshold 0.211 0.195 0.204 0.228 0.209 0.197 0.202

P4 metric 0.184 0.162 0.138 0.177 0.152 0.169 0.186

Positive Likelihood
Ratio 13.998 17.098 15.292 11.487 14.391 16.559 15.586

Negative Likelihood
Ratio 0.449 0.637 0.737 0.486 0.672 0.586 0.456

Diagnostics Odd Ratio 31.165 26.849 20.748 23.623 21.419 28.235 34.214

Efficiency Index 10.856 9.632 9.463 9.497 9.564 10.450 11.162

Inefficiency Index 0.092 0.104 0.106 0.105 0.105 0.096 0.090

G-Mean Score 0.739 0.607 0.521 0.715 0.580 0.646 0.735

G4 Score 0.758 0.698 0.635 0.734 0.668 0.716 0.764
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4. The Concept of Equivalent Performance Metrics
In this section, we introduce the concept of equivalent performance metrics as a first

step towards understanding how the relation between a pair of metrics can influence the
performance analysis of different classifiers. From the definition of the performance metrics
(see Table 2), it can be observed that there are pairs of closely related metrics expressing
effectively the same performance aspects of a binary classifier, e.g., TPR can be considered
to be complementary to the FNR metric since TPR = 1 − FNR. Let us assume that TPR
is used for the comparison of the performance of two classifiers, f 1 and f 2, applied to the
same dataset and for a common classification threshold θ. If f 1 outperforms f 2 based on
TPR (i.e., TPR( f1, θ) > TPR( f2, θ)) then we already know the result of the comparison
for the FNR metric since it will definitely be FNR( f1, θ) < FNR( f2, θ). To formalize this
property, we adopt the following definition:

Definition of Equivalent Performance Metrics: Let us consider a pair of trained binary
classification models f 1, f 2, which are applied over the same binary classification problem
for the same input dataset X and class labels Y, with classification thresholds θ1 and θ2

respectively. Let us also consider two performance metrics PM1 and PM2 which are used to
compare the performance of the two models. The metrics PM1, PM2 are called “Equivalent”
if they provide a common model performance comparison conclusion. If for both metrics
a better model performance occurs as their values either increase or decrease, then their
equivalence corresponds to the following property:

PM1( f1, θ1) ≥ PM1( f2, θ2) ⇔ PM2( f1, θ1) ≥ PM2( f2, θ2) (2)

In the case that for one of the metrics a better model performance occurs as its value in-
creases, while for the other metric a better model performance occurs as its value decreases,
then their equivalence corresponds to the following property:

PM1( f1, θ1) ≥ PM1( f2, θ2) ⇔ PM2( f1, θ1) ≤ PM2( f2, θ2) (3)

It should be noted that the above definition of equivalence may also apply to classifiers
like k-NN, even if the definition of the classification threshold is not applicable. The
equivalence property apparently has a transitive property; if PM1 is equivalent to PM2 and
PM2 is equivalent to PM3, it is trivial to show that PM1 is equivalent to PM3. Moreover, if
two metrics are equal, they are also equivalent.

Table 4 provides the resulting pairs of equivalent metrics from Table 2, based on the
equation that describes their relationship. Appendix C provides the proof for the non-
trivial cases. Note that, as expected, the metrics grouped as equivalent in Table 4 yield the
same classifier performance comparison results as in the example in Table 3. The groups
of equivalent metrics presented in Table 4 allow narrowing the list of Table 2 metrics to
consider for comparing different classifiers (e.g., comparing the performance of a pair of
classifiers based on Informedness eliminates the need to compare their performance based
on their equivalent metric, Balanced Accuracy).

Table 4. The list of pairs of equivalent metrics.

Groups of Equivalent Metrics Equations

Accuracy (Acc)
Fraction of Inefficiency (FiC)
Efficiency Index (EI)
Inefficiency Index (InI)

Acc = 1 − FiC
EI = 1/FiC − 1
EI = 1/InI
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Table 4. Cont.

Groups of Equivalent Metrics Equations

Balanced Accuracy (BA)
Informedness (BM) BA = (BM + 1)/2

Recall (TPR)
Miss Rate (FNR) TPR = 1 − FNR

Specificity (TNR)
Fall Out Rate (FPR) TNR = 1 − FPR

Precision (PPV)
False Discovery Rate (FDR) PPV = 1 − FDR

Negative Predictive Value (NPV)
False Omission Rate (FOR) NPV = 1 − FOR

F1-Score (F1)
Jaccard Index (TS) TS = F1/(2 − F1)

Prevalence Threshold (PT)
Positive Likelihood Ratio (LR+) PT = 1/

(
1 +

√
LR+

)
5. The Point-of-Balanced Performance (PoBP)

Selecting a classification threshold affects a classifier’s performance metrics. Depend-
ing on the metric, we may define characteristic performance points, for example, the point
at which Accuracy, F1-score, or MCC score is maximized. In this paper, we define a new
characteristic point, the PoBP, based on a property that characterizes an efficient classi-
fier. As will be shown later in this paper, PoBP exhibits properties that allow for further
simplification of the performance analysis of different classifiers.

PoBP Definition: Let us assume a binary classification problem and a trained binary
classification model f. The PoBP is defined as the selection of a proper classification
threshold θb for which the trained model produces a number of predicted positives equal
to the number of actual positives for a given input dataset X and the corresponding set of
actual class labels Y:

PP( f , θb) = P (4)

This property leads to a number of predicted negatives equal to the actual negatives:

PN( f , θb) = S − PP( f , θb) = S − P = N (5)

At the PoBP, the CM is symmetric as false positives become equal to false negatives:

FP( f , θb) = PP( f , θb)− TP( f , θb) = P − TP( f , θb) = FN( f , θb) (6)

5.1. The Classification Threshold of the Point-of-Balanced Performance

In this section, we focus on identifying and classifying the PoBP threshold to indicate
that the PoBP can always be identified as long as the number of positives is known. Let us
assume a trained binary classifier f applied over an input dataset X with a set of class labels
Y. The model produces an indexed list L̂ of positive class probabilities p̂p(i), i = 1, 2, . . . , S.
Let us consider the revised list L̂d which occurs by sorting the list L̂ at a decreasing order of
the positive class probabilities. In this list, a classification threshold θ leads to the selection
of the first PP(θ) set of samples, which, according to their ranking, justify the property:
p̂p(i) ≥ θ, i = 1, 2, . . . , PP(θ).

https://doi.org/10.3390/technologies14030139

https://doi.org/10.3390/technologies14030139


Technologies 2026, 14, 139 8 of 26

Based on the definition of L̂d, we can prove that PoBP can always be identified as long
as the number of actual positives is known: the PoBP classification threshold θb should be
equal to the positive class probability at position P in the ordered list L̂d:

θb = p̂p(i = P) (7)

There is, however, the possibility of multiple input samples with equal positive class
probabilities. This is quite common when class probabilities have been calibrated. In
this case, Equation (7) does not lead to a unique classification threshold value. This issue
does not limit the capability to identify the PoBP. This is possible by simply assigning a
positive predicted class to the first P samples in the list L̂d. Meanwhile, a negative one is
assigned for the rest. This process can be expressed by a revised definition of the PoBP
classification threshold:

ŷi =

{
Positive i f p̂p(i) ≥ θb and i ≤ P
Negative i f p̂p(i) < θb or i > P

, i = 1, 2, . . . , S (8)

As discussed later, this condition can be applied when the number of positives is
known (during model training) or approximated (during inference).

5.2. Performance Metrics That Become Equal at the Point-of-Balanced Performance

As a first step in the analysis of PoBP properties, we consider the set of metrics
that become equal (and consequently equivalent) at the PoBP. In particular, the following
equalities of metrics apply at the PoBP (see overview in Table 5):

Table 5. Equalities of Binary Classification Metrics at the Point-of-Balanced Performance.

Groups of Metrics Equality at the Point-of-Balanced Performance

True Positive Rate (TPR)
Precision (PPV)
F1-score (F1)
Fβ-score (Fβ)
Fowlkes–Mallows Index (FM)

TPR( f , θb) = PPV( f , θb) = F1( f , θb) = Fβ( f , θb) = FM( f , θb)

Informedness (BM)
Markedness (MK)
Matthews Correlation Coefficient (MCC)
Cohen’s kappa (k)

BM( f , θb) = MK( f , θb) = MCC( f , θb) = k( f , θb)

True Negative Rate (TNR)
Negative Predictive Value (NPV) TNR( f , θb) = NPV( f , θb)

G-Mean Score
G4 Score GM( f , θb) = G4( f , θb)

Precision becomes equal to Recall:

TPR( f , θb) =
TP( f , θb)

P
=

TP( f , θb)

PP( f , θb)
= PPV( f , θb) (9)

The Miss Rate becomes equal to the False Discovery Rate:

FNR( f , θb) =
FN( f , θb)

P
=

FP( f , θb)

PP( f , θb)
= FDR( f , θb) (10)
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The Negative Predictive Value becomes equal to the True Negative Value:

NPV( f , θb) =
TN( f , θb)

PN( f , θb)
=

TN( f , θb)

N
= TNR( f , θb) (11)

The False Positive Rate becomes equal to the False Omission Rate:

FPR( f , θb) =
FP( f , θb)

N
=

FN( f , θb)

PN( f , θb)
= FOR( f , θb) (12)

The Fβ-score, based on the fact that Precision equals Recall at the PoBP, becomes equal
to Recall:

Fβ( f , θb) =
(

1 + β2
) TPR2( f , θb)

(1 + β2)TPR( f , θb)
= TPR( f , θb) (13)

Therefore, at the PoBP, F1-score will be equal to Fβ-score for any factor β, and both
will be equal to Precision and Recall:

Fβ( f , θb) = F1( f , θb) = PPV( f , θb) = TPR( f , θb) (14)

Fowlkes–Mallows Index becomes equal to Precision and the metrics of Equation (14):

FM( f , θb) =
√

TPR( f , θb)·PPV( f , θb) = TPR( f , θb) (15)

Informedness (BM) becomes equal to Markedness (MK) based on Equations (9) and (11):

BM( f , θb) = PPV( f , θb) + NPV( f , θb)− 1 = MK( f , θb) (16)

Matthews Correlation Coefficient as well as Cohen’s kappa k (see Appendix B) both
become equal to Informedness at the PoBP based on the following equations:

MCC( f , θb) = BM( f , θb)·
√

P·N
PP( f , θb)·PN( f , θb)

= BM( f , θb) (17)

k( f , θb) =
2·BM( f , θb)

PP( f , θb)/P + PN( f , θb)/N
= BM( f , θb) (18)

G4 score becomes equal to the G-mean score based on Equations (9) and (11):

G4( f , θb) =
4
√

TPR( f , θb)·PPV( f , θb)·TNR( f , θb)·NPV( f , θb)

=
√

TPR( f , θb)·TNR( f , θb) = GM( f , θb)
(19)

To verify these properties, we consider the application of an ANN to a test dataset
of size S = 3295 for Problem 1 (see Appendix A), with P = 369 actual positives. For this
example, Figure 1 clearly shows that TPR, PPV, F1-score, F2-score (Fβ-score for β = 2),
and FM are equal at the PoBP (i.e., the point at which PP equals P). Moreover, Figure 2
illustrates that MCC, BM, MK, and Cohen’s kappa become equal at the PoBP. Both figures
present the metrics vs. the number of PP (ranging from PP = 0 to PP = S) in order to
clearly present the conditions that apply at the PoBP (i.e., PP = P). This is an equivalent
way of presenting the metrics vs. the classification threshold θ varying from 1 to 0 (since
for θ = 1, PP = 0 and for θ = 0, PP = S).
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Figure 1. Metric equalities at the PoBP (P = PP = 369): TPR, PPV, F1-score, F2-score, FM, TNR, NPV
vs. the number of PP for the ANN classifier, Problem 1, Test dataset (S = 3295).

 
Figure 2. Metric equalities at the PoBP (P = PP = 369): MCC, BM, MK, Cohen’s kappa, GM, G4 vs.
the number of PP for ANN Classifier, Problem 1, Test dataset (S = 3295).

Figure 2 illustrates that MCC, BM, MK, GM, and G4 are equal at a second point, corre-
sponding to the case where PP equals the number of actual negatives (i.e., PP = N = 2926
in the example dataset). Unlike PoBP, this point has no specific interest from the classifier
performance viewpoint.

Both figures indicate that none of the presented metrics is maximized at the PoBP.
However, PoBP provides a tradeoff between pairs of metrics with opposite trends as
follows: (a) TPR vs. PPV, (b) TNR vs. NPV, and (c) MCC or BM (Informedness) vs.
MK (Markedness).

5.3. Performance Metrics That Become Equivalent at the Point-of-Balanced Performance

In this section, in addition to the metrics that are equal at the PoBP (Table 5), we further
show that all binary classification performance metrics are equivalent. This unique property
of the PoBP makes it an interesting method for comparing the performance of different
classifiers. Let us prove the following theorem for any pair of performance metrics:

Theorem 1. If two performance metrics PM1, PM2 indicate an improved binary classification
model performance as the number of True Predictions increases (TP and/or TN) and/or the number
of False Predictions decreases (FP and/or FN), then the metrics will be equivalent at the PoBP.
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Proof of Theorem 1. Let us consider two classifiers, f 1 and f 2, applied to the same dataset
for a binary classification problem. As already shown, for each classifier, the PoBP exists
and, in general, corresponds to a different PoBP threshold (i.e., θb1 for f 1 and θb2 for f 2). Let
us also consider a performance metric PM1 which is defined based on any set of parameters
of the Confusion Matrix. The metric PM1 is defined such that it corresponds to an improved
model performance as the number of true predictions (i.e., TP and/or TN) increases and/or
the number of false predictions (i.e., FP and/or FN) decreases. This property applies to all
metrics presented in Table 2 (e.g., TPR increases with the number of TP, indicating better
model performance, while FPR decreases as the number of FP decreases, indicating better
model performance).

Apart from the Confusion Matrix elements (TP, FP, FN, TN), the metric PM1

(Table 2) may also depend on parameters like P, N, PP, PN, S. At the PoBP these parame-
ters become constant for the same input dataset as PP = P and PN = N.

Without loss of generality, let us assume that the higher the PM1 value, the better the
model performance, and at the PoBP, the following inequality holds:

PM1( f1, θb1) ≥ PM1( f2, θb2) (20)

Under this assumption and based on the definition of PM1, at least one of the parame-
ters, TP, FP, FN, and TN, will be better for the model f1 than the corresponding ones for
the model f2 at the PoBP. The term “better” in this case means a higher number of true
predictions (for TP, TN) and a lower number of false predictions (for FP, FN).

Without loss of generality, let us assume that Equation (20) applies due to the fol-
lowing property: TP( f1, θb1) ≥ TP( f2, θb2). It is easy to show, based on TP + FP = PP,
TN + FN = PN as well as Equations (4)–(6), that in this case, the following properties
apply at the PoBP:

TP( f1, θb1) ≥ TP( f2, θb2) ⇔ FP( f1, θb1) ≤ FP( f2, θb2) ⇔
⇔ FN( f1, θb1) ≤ FN( f2, θb2) ⇔ TN( f1, θb1) ≥ TN( f2, θb2)

(21)

According to these properties, if classifier f 1 has a better performance than classifier
f 2 when compared at their PoBP based on any of the parameters: TP, FP, FN, or TN, then
f 1 will have a better performance than f 2 for the rest of the parameters. Therefore, if
Equation (20) holds, then the properties of Equation (21) will also hold at the PoBP.

Now, let us consider another metric PM2 which, as with PM1, is defined in such a
way that it corresponds to a better model performance as the number of true predictions
(i.e., TP and/or TN) increases and/or the number of false predictions (i.e., FP and/or FN)
decreases. At the PoBP, assuming that Equation (20) and thus Equation (21) apply, it is
evident that PM2 will also indicate a better performance for the model f1.

In case that the higher the PM2 value, the better the model performance, the previous
analysis leads to the following condition at the PoBP:

PM2( f1, θb1) ≥ PM2( f2, θb2) (22)

Therefore, PM1 and PM2 will be equivalent (see Equation (2)). Note that if the lower
PM2 the value, the better the model performance, then PM1 and PM2 would be again
equivalent based on the property of Equation (3).

The above analysis indicates that at the PoBP, any pair of performance metrics that
correspond to improved model performance as the number of true predictions (TP and/or
TN) increases and/or the number of false predictions (FP and/or FN) decreases will
be equivalent. □
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Based on the above theorem, all State-of-the-Art performance metrics presented in
Table 2 are expected to be either equal or equivalent at the PoBP. The analysis provided in
Appendix D on the equivalence of parameters at the PoBP provides the necessary evidence
for this property. Therefore, if the performance of two binary classifiers is compared at their
PoBP, the comparison conclusion will be the same for any metric of Table 2. In this context,
at the PoBP, we need to consider only one metric from Table 2 to compare the performance
of two classifiers. Therefore, the problem identified in Table 3 is eliminated, as any pair
of metrics at the PoBP yields the same conclusions when comparing the performance of
binary classifiers.

Table 6 provides an overview of the resulting metrics at the PoBP for Problem 1, using
the same dataset as in Table 3. Table 6 confirms the theoretical predictions regarding the
metrics that become equal at the PoBP. Table 6 also confirms that all metrics are equivalent
at the PoBP; as in the example presented, XGB becomes the best-performing classifier at
the PoBP for all metrics.

Table 6. Performance Metric comparison at the PoBP (Problem 1). The best-performing classifier is
marked in bold.

ANN LogReg RF DT NB CNN XGB

Accuracy 0.9135 0.8932 0.8829 0.9035 0.8914 0.9108 0.9144

Fraction of Inefficiency 0.0865 0.11 0.12 0.10 0.11 0.089 0.0856

True Positive Rate 0.61 0.55 0.47 0.59 0.51 0.60 0.63

True Negative Rate 0.9515 0.94 0.93 0.95 0.94 0.950 0.9517

Balanced Accuracy 0.78 0.75 0.70 0.77 0.73 0.78 0.79

False Positive Rate 0.049 0.06 0.07 0.055 0.06 0.050 0.048

False Negative Rate 0.39 0.45 0.53 0.41 0.49 0.40 0.37

Positive Predictive Value 0.61 0.55 0.47 0.59 0.51 0.60 0.63

Negative Predictive Value 0.951 0.94 0.93 0.945 0.94 0.950 0.952

False Discovery Rate 0.39 0.45 0.53 0.41 0.49 0.40 0.37

False Omission Rate 0.049 0.061 0.066 0.055 0.061 0.050 0.048

F1-Score 0.61 0.55 0.47 0.59 0.51 0.60 0.63

Fβ-Score (β = 2) 0.61 0.55 0.47 0.59 0.51 0.60 0.63

Cohen’s kappa 0.56 0.49 0.40 0.53 0.45 0.55 0.58

Informedness 0.56 0.49 0.40 0.53 0.45 0.55 0.58

Markedness 0.57 0.49 0.40 0.53 0.45 0.55 0.58

Matthews Correlation
Coefficient 0.56 0.49 0.40 0.53 0.45 0.55 0.58

Fowlkes–Mallows Index 0.61 0.55 0.47 0.59 0.51 0.60 0.63

Jaccard Index 0.44 0.38 0.30 0.41 0.35 0.43 0.46

Prevalence Threshold 0.220 0.249 0.273 0.234 0.256 0.224 0.217
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Table 6. Cont.

ANN LogReg RF DT NB CNN XGB

P4 metric 0.186 0.174 0.156 0.181 0.166 0.185 0.189

Positive Likelihood Ratio 12.62 9.14 7.10 10.73 8.42 12.03 12.98

Negative Likelihood Ratio 0.41 0.47 0.57 0.44 0.52 0.42 0.39

Diagnostics Odd Ratio 31.00 19.27 12.44 24.50 16.30 28.86 33.10

Efficiency Index 10.56 8.36 7.54 9.36 8.21 10.21 10.69

Inefficiency Index 0.095 0.120 0.133 0.107 0.122 0.098 0.094

G-Mean Score 0.76 0.72 0.66 0.74 0.70 0.76 0.77

G4 Score 0.76 0.72 0.66 0.74 0.70 0.76 0.77

It should be noted that Tables 3 and 6 indicate that ANN performs similarly to XGB
across all metrics. As the scope of the paper is to validate the properties of PoBP rather than
identify the best-performing classifier for the specific problem, no further hyperparameter
optimization has been performed for ANN and XGB.

6. PoBP at the Receiver Operating Characteristic Curve
In this section, we consider the PoBP in relation to the ROC curve [30]. The ROC

curve is a method for analyzing the performance of binary classifiers. ROC is the curve in a
two-dimensional space representing the True Positive Rate vs. False Positive Rate as the
classification threshold θ ranges from 0 to 1. Beyond the ROC curve, the Area Under the
Curve (AUC) is a metric used to compare different models, taking into account the entire
range of classification thresholds [31].

Since the definition of the PoBP of a classification model f is based on a certain
classification threshold θb, it is evident that PoBP corresponds to a single point on the ROC
curve corresponding to the pair of coordinates (TPR( f , θb), FPR( f , θb)).

Comparing two classifiers at their PoBP and taking into account the equivalence of all
metrics at the PoBP (and hence the equivalence between TPR and FPR), it is expected that
the better a classifier’s performance, the higher its TPR and the lower its FPR at the PoBP.
Therefore, the PoBP point on the ROC curve of a more efficient classifier will be located to
the left and higher than the PoBP point on the ROC curve of a less efficient classifier.

Moreover, assuming a certain binary classification problem, the following condition
applies at the PoBP of a classifier:

TPR( f , θb) =
TP( f , θb)

P
=

PP( f , θb)− FP( f , θb)

P
= 1 − N

P
·FPR( f , θb) (23)

Geometrically, Equation (23) corresponds to a straight line in the ROC space. Therefore,
the PoBP point on the ROC curve of any classifier will lie on a line we call the PoBP ROC
space line. The endpoints of the PoBP ROC space line can be determined by two points:
the ideal classifier with FPR = 0 and TPR = 1; the random-guess classifier for which
TPR = FPR. Equation (23) provides: TPR( f , θb) = FPR( f , θb) = P/S (i.e., the prevalence
of the input dataset).

Figure 3 presents the ROC curves for all applied classifiers for a test set of Problem 3
(see Appendix A). The same figure provides the PoBP ROC space line and the PoBP point
for each applied classifier, indicating that XGB is the best-performing classifier at the PoBP.
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Figure 3. The ROC curves and PoBP points for the classifiers applied to Problem 3 (Test set size 2606).

7. Methods for the Identification of the Point-of-Balanced Performance
Following the analysis of the PoBP properties, we focus in this section on identifying

the PoBP. Apparently, the identification of PoBP for a classifier applied to an input dataset
X and a set of actual class labels Y requires determining the classification threshold for
which the number of predicted positives equals the number of actual positives. During
the training phase of a classifier, the available dataset is typically split into a training set
and, depending on the applied method, a number of test or validation sets [32]. Since the
number of actual positives is known for all of these datasets, it is a straightforward process
to identify the PoBP when the trained model is applied to any of them. This section further
considers the PoBP identification during inference, where the number of actual positives
is unknown.

7.1. Methods for the Identification of the Point-of-Balanced Performance During Inference

During inference, the actual class labels are unknown; hence, the PoBP should be
approximated. The following three alternative methods are considered:

Method 1: PoBP identification based on Training Dataset Prevalence. Assuming that
the Prevalence in the inference dataset Xin f is identical to that of the training dataset Xtrain,

we can estimate the number of positives for the inference dataset P̂
(

Xin f

)
as follows:

P
(

Xin f

)
S
(

Xin f

) ≈ P(Xtrain)

S(Xtrain)
⇒ P̂

(
Xin f

)
≈ P(Xtrain)

S(Xtrain)
·S
(

Xin f

)
(24)

Method 2: PoBP identification based on the PoBP Classification threshold of the
Training dataset. Assuming that both the training Xtrain and the inference datasets Xin f

follow the same distribution, we may consider that the PoBP classification threshold applied
in the training dataset θb(Xtrain) is identical to the one of the inference dataset θb

(
Xin f

)
.

This leads directly to the approximation of the PoBP during inference:

θb

(
Xin f

)
≈ θb(Xtrain) (25)
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Method 3: PoBP identification based on the Actual Label Probabilistic Confusion
Matrix (ALP CM) [33]. The ALP CM approximates the actual CM during inference even
though the actual class labels are unknown. A good approximation holds for calibrated class
probabilities (based on Platt’s method [34] in this paper) and for a substantial input dataset.

This approximation can be used to identify the PoBP during inference by adjusting
the decision threshold to achieve the following condition:

PP
(

Xin f

)
= P̂ALP

(
Xin f

)
≈ P

(
Xin f

)
(26)

Note that Methods 2 and 3 do not rely on the assumption that the prevalence in the
inference dataset is identical to that of the training dataset.

7.2. Evaluation of the PoBP Identification Methods During Inference

To evaluate the PoBP identification methods, we split the available datasets into
training and test sets and use the test set to simulate the performance of the proposed
methods during inference. We consider two different methods for deriving the test datasets:
(a) Unbiased Class Mix method: the test datasets are produced based on random selection
of samples from the available dataset in a way that they have the same prevalence as
the training dataset and (b) Biased Class Mix method: the unbiased mix test datasets are
further processed to produce test datasets of shorter size with a prevalence that deviates
from the one of the training dataset. Table 7 provides the resulting mean absolute error for
estimating the number of positives in the test dataset (based on 400 iterations of generating
unbiased and biased class-mix test sets) for all problems and for one different classifier per
problem (see Appendix A). It is evident that Method 1 results in a higher mean absolute
error when the class mix is biased. Methods 2 and 3 appear to be performing better in
the presence of bias. It should be noted that the performance of Method 3 depends on the
degree to which calibrated class probabilities are in agreement with actual class frequencies.

Table 7. The mean absolute error in the estimation of the actual positives in the test set.

Problem Classifier Test Set Set Size Method 1 Method 2 Method 3

1 SVM Unbiased 8238 0% 2.8% 1.5%

Biased 5945 14.3% 5.6% 6.1%

2 RF Unbiased 200 0% 2.1% 0.8%

Biased 172 8.4% 5.8% 6.8%

3 NB Unbiased 6513 0% 0.4% 0.1%

Biased 5564 6.3% 3.6% 5.2%

4 XGB Unbiased 29,092 0% 0.5% 0.3%

Biased 21,847 6.2% 2.9% 3.5%

5 LogReg Unbiased 5581 0% 3% 1.6%

Biased 4383 13.2% 7.3% 7.6%

Figure 4 compares a set of performance metrics corresponding to the actual PoBP with
those corresponding to the estimated PoBP using each of the above methods. The following
indicative set of metrics is considered: Accuracy, Precision, Recall, F1-score, TNR, NPV, and
MCC. The figure refers to Problem 4 and the XGB classifier. Figure 4a refers to an unbiased
class mix test set of size 29,092 with prevalence 75.8%, and Figure 4b to a biased test set of
size 17,096 with prevalence 68.9%. As shown in Table 7, all methods yield accurate PoBP
approximations for unbiased input datasets. For that reason, Figure 4a shows that the

https://doi.org/10.3390/technologies14030139

https://doi.org/10.3390/technologies14030139


Technologies 2026, 14, 139 16 of 26

metrics for the PoBP identified using Methods 1, 2, and 3 are almost identical to those for
the actual PoBP. Figure 4b indicates that, for a biased input dataset, the error in identifying
the PoBP (see Table 7) is reflected in the deviation between the metrics corresponding to
the estimated PoBP and those corresponding to the actual PoBP. Moreover, as expected
from Table 7, Figure 4b shows that Methods 2 and 3 perform better than Method 1.

 

Figure 4. Performance metrics for the actual vs. the estimated PoBP: (a) Unbiased, (b) Biased Test set
(Problem 4, XGB classifier).

8. Performance at the PoBP vs. Typical Characteristic Points
Taking into account that at the PoBP all metrics are equivalent, the selection of the PoBP

as the reference point for the analysis of a classification problem appears to be attractive,
especially for the identification of the best-performing classifier. On the other hand, as
already mentioned, selecting the PoBP does not optimize commonly used performance
metrics such as F1-score or MCC. In this section, we compare the performance at the PoBP
vs. the following characteristic points typically selected during the study of a classification
problem: (a) classification threshold of θ = 0.5, (b) maximum Accuracy, (c) maximum MCC,
(d) maximum F1-score.

Figure 5a presents the performance of the PoBP and the above characteristic points
for Problem 3 (unbiased test set of size S = 6513, prevalence 76%), XGB classifier, and for
a set of metrics: Accuracy, TPR, PPV, F1-Score, TNR, NPV, and MCC. As can be seen, the
differences between PoBP and the rest in terms of Accuracy, F1-score, and MMC are quite
limited. On the other hand, we observe tradeoffs between TPR and TNR as well as between
PPV and NPV. In particular, TPR at the PoBP is 0.90, while at the rest points, it ranges
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from 0.94 to 0.95. However, TNR is 0.67 at the PoBP, while it ranges from 0.54 to 0.60 at
the other performance points. Similarly, the PPV at the PoBP is 0.90 and drops for the rest
points, ranging from 0.87 to 0.88, while the NPV at the PoBP is 0.67 and increases for the
rest points, ranging from 0.75 to 0.76.

 

 

Figure 5. Selected performance metrics at the PoBP vs. other characteristic points of performance:
(a) Problem 3, XGB, test dataset of size S = 6513, (b) Problem 5, LogReg, test dataset of size S = 5581.

Figure 5b presents the performance of the PoBP and the above characteristic points for
Problem 5, LogReg classifier (unbiased test set of size S = 5581, prevalence 41%). Again, the
observed difference between PoBP and the rest of the characteristic performance points
for Accuracy, F1-score, and MMC is quite limited. Also, we observe tradeoffs between
PoBP and the rest points of performance (i.e., TPR vs. TNR, and PPV vs. NPV). However,
compared to the example of Figure 5a, in this case, we observe that PoBP has lower TPR
and higher TNR than the rest, except at the maximum F1-score, where the opposite applies.

The above presented examples cannot apparently be generalized for all binary clas-
sification problems. Instead, they illustrate that the selection of the PoBP can be a viable
option for the study of a specific problem. However, methodologically, alternative perfor-
mance points can be considered, and depending on the importance of certain aspects of the
problem (e.g., it may be preferable to have a higher TPR while a lower TNR is not an issue),
a different performance point may eventually be selected by a data scientist.

9. Discussion and Conclusions
The paper addresses the binary classification problem and defines the PoBP, the

classification threshold for which the number of predicted positives equals the actual
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number of positive samples, a property of the ideal classifier. It has been proven that at
the PoBP, all binary classification performance metrics are equivalent, i.e., they yield the
same results when comparing the performance of different binary classifiers. This is a
significant advantage for analyzing real-world problems, as the wide variety of binary
classification performance metrics in the literature often yields different conclusions about
the best-performing classifier.

The literature [7–29] has thus far focused on the advantages and disadvantages of
certain performance metrics, proposed new metrics, or considered methods to assess the
efficiency of different metrics. From this viewpoint, the current paper takes a different
direction by introducing simple concepts, such as equivalent performance metrics and the
definition of the PoBP. The paper shows that the observed differences in the performance
of the metrics are eliminated at the PoBP. This property allows for comparing different
classifiers at their PoBP using a single metric, thereby simplifying the problem of selecting
the most appropriate metric.

Given that the ROC Curve [30] is another common method for analyzing the perfor-
mance of different classifiers, the paper explores the geometrical representation of the PoBP
in the ROC space. The PoBP of a classifier is a single point on the ROC curve, while it is
proven that the PoBP of any classifier of the same binary classification problem belongs to
a straight line called the PoBP ROC curve line. As expected, the better classifier has better
performance across both metrics of the ROC space.

The identification of the PoBP during the training phase is trivial, whereas an ap-
proximation method is required during inference, since the number of actual positives is
unknown in that case. The paper provides three alternative methods using: (a) the preva-
lence in the training set, (b) the PoBP classification threshold during the training phase,
and (c) the ALP Confusion Matrix. Based on the analysis of real-world binary classification
problems, it is shown that the last two methods provide a good approximation of the
PoBP performance, even when the prevalence in the inference set differs from that in the
training dataset.

The paper then considers whether PoBP should be the preferred point of performance
for analyzing a binary classification problem. To address this issue, we present examples
of a classifier’s performance at the PoBP vs. other commonly used points of performance
(i.e., classification threshold of 0.5, maximum Accuracy, maximum MCC, and maximum
F1-score). The example results indicate that PoBP may perform similarly across certain
metrics (Accuracy, MCC, and F1-score), while tradeoffs may occur in other metrics (TPR,
TNR, PPV, and NPV). Although these results cannot be considered applicable to all binary
classification problems, the paper provides a method for comparing PoBP with other
performance metrics. Depending on the specific problem requirements, the data scientist
may select either the PoBP or an alternative point that best fits the problem’s needs.

The next research steps include various topics such as: (a) the analysis of a multi-class
classification problem aiming at the generalization of the PoBP concept, (b) the definition
of equivalent performance metrics will be exploited to investigate different characteristic
points of performance, and (c) the investigation of the applicability of the PoBP concept for
classifiers with non-probabilistic output (e.g., k-NN).

In conclusion, the paper, through the introduction of the PoBP concept, provides
new insights and a relevant methodology that simplifies the performance analysis of
binary classification.
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Appendix A. Binary Classification Problems and Applied Classifiers
Appendix A.1. Binary Classification Problems

The following table lists real-world binary classification problems used as examples in
the analysis presented in the paper.

Table A1. List of example binary classification problems.

Problem Problem Title Number of
Features Dataset Size Prevalence

Problem 1 Bank Analysis [35] 20 41,188 89%

Problem 2 German Data [36] 24 1000 70%

Problem 3 Adult Income [37] 14 32,561 76%

Problem 4 The Rain Problem [38] 22 145,461 76%

Problem 5 Student Depression [39] 16 27,901 41%

Appendix A.2. Applied Binary Classifiers

Decision Trees (DT): The DT [40,41] parameters used in this paper are the following:
Function measuring quality of split: Entropy, Maximum depth of tree: 3, Weights associated
with classes: 1.

Support Vector Machines (SVM): The following SVM [42–44] parameters have been
adopted: Kernel type: Linear, Degree of polynomial kernel function: 3, Weights associated
with classes: 1. Note that probabilities in this case are produced based on Python (3.13.5)
scikit-learn (1.8.0) where Logistic Regression is applied over the resulting SVM scores and
probabilities are then calibrated based on Platt’s method.

Random Forest (RF): The following RF [45,46] parameters have been adopted: Number
of Trees: 100, Max Tree Depth Limit: 2, Measurements of split quality: Gini index.

Artificial Neural Networks (ANNs): In this paper, an ANN [47–49] with one input,
one hidden, and one output layer is adopted. The ReLU is the activation function for the
input and hidden layers, and the Softmax is the activation function for the output layer.
The ANN consists of six hidden neurons. The optimizer is Adam, the Calculated Loss is
based on sparse categorical cross-entropy, the number of Epochs is 100, and the Batch size
is 10.

Convolutional Neural Networks (CNNs): The CNN [50–52] adopted in this paper is
based on a Sequential mode (array of Keras Layers), the Kernel size is 3, the Pool size is
4, the activation function is ReLU, the Calculation loss is Categorical Cross-Entropy, the
number of Epochs is 100, and the Batch size is 128.

Naïve Bayes (NB) [53]: A Gaussian Naïve Bayes model is used for the study performed
in this paper.

Logistic Regression (LogReg): The LogReg [54] model in this paper is based on the
following parameters: Max number of iterations: 5000; Optimization algorithm: L-BFGS;
Weights associated with classes: 1.
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Extreme Gradient Boosting (XGB) [55]: The following model parameters have been
adopted in this paper: Learning Rate: 0.01, Max depth: 3, Subsample: 1.

Appendix B
Appendix B.1. Matthews Correlation Coefficient (MCC) Analysis

MCC can be expressed as follows:

MCC =
TP·TN − FP·FN√

(TP + FP)(TP + FN)(TN + FP)(TN + FN)
=

TP·TN − FP·FN√
P·PP·N·PN

(A1)

MCC =
TP·TN − (P − TP)·(N − TN)√

P·PP·N·PN
=

(
TN
N

+
TP
P

− 1
)
·
√

P·N
PP·PN

(A2)

MCC = (TPR + TNR − 1)·
√

P·N
PP·PN

(A3)

Therefore, MCC can be expressed in relation to Informedness (BM) as follows:

MCC = BM·
√

P·N
PP·PN

(A4)

Appendix B.2. Cohen’s Kappa Analysis

Cohen’s kappa metric is defined as follows:

k =
p0 − pc

1 − pc
, p0 = Acc =

TP + TN
P + N

, pc =
(TN + FP)(TN + FN) + (TP + FN)(TP + FP)

(P + N)2 (A5)

where p0 is the Accuracy and pc is the expected Accuracy metric. Taking into account the
relations between the CM elements (Table 1), we obtain the following:

k = 2(TP·TN−FN·FP)
(TP+FP)(TN+FP)+(TP+FN)(TN+FN)

= 2(TP·TN−FN·FP)
PP·N+P·PN

= 2(TPR·TNR−FNR·FPR)
PP/P+PN/N

(A6)

And taking into account that FPR = 1 − TPR and FNR = 1 − TNR we obtain the
relation between Cohen’s kappa and Informedness (BM):

k =
2·(TPR + TNR − 1)

PP/P + PN/N
=

2·BM
PP/P + PN/N

(A7)

Appendix C. Pairs of Equivalent Metrics
Appendix C.1. Equivalence of Jaccard Index (TS) and F1-Score

According to the F1-score definition, we have the following:

F1 =
2·TPR·PPV
TPR + PPV

=
2· TP

P · TP
PP

TP
P + TP

PP
=

2·TP
PP + P

=
2·TP

2·TP + FP + FN
(A8)

Assuming that F1-score and TS are different than zero, the latter equation can be
reformed as follows, taking into account the TS definition:

2
F1

=
2·TP + FP + FN

TP
= 1 +

TP + FP + FN
TP

= 1 +
1

TS
(A9)

This leads to the following equation:

TS =
F1

2 − F1
(A10)
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Let us assume that comparing the TS of two classifiers, f 1, f 2, we obtain the following:

TS( f1, θ1) ≥ TS( f2, θ2) (A11)

Since F1-score ranges between 0 and 1 (so 2 − F1 > 0) we obtain the following
inequality, which proves the fact that TS and F1-score are equivalent metrics:

F1( f1, θ1)

2 − F1( f1, θ1)
≥ F1( f2, θ2)

2 − F1( f2, θ2)
⇔ F1( f1, θ1) ≥ F1( f2, θ2) (A12)

Appendix C.2. Equivalence of Balanced Accuracy (BA) and Informedness (BM)

Considering the definitions of BA and BM, their relation is derived as follows:

BA =
TPR + TNR

2
=

BM + 1
2

(A13)

Let us assume that comparing the BA of two classifiers, f 1, f 2, we obtain the following:

BA( f1, θ1) ≥ BA( f2, θ2) (A14)

Based on the relation between BA and BM, it is evident that the metrics are equivalent:

BM( f1, θ1) + 1
2

≥ BM( f2, θ2) + 1
2

⇔ BM( f1, θ1) ≥ BM( f2, θ2) (A15)

Appendix C.3. Equivalence of EI to FiC

According to the EI definition (assuming that FP + FN ̸= 0):

EI =
TP + TN
FP + FN

=
PP − FP + PN − FN

FP + FN
=

S
FP + FN

− 1 =
1

FiC
− 1 (A16)

For two classifiers f 1, f 2, it is easy to prove that EI is equivalent to FiC:

FiC( f1, θ1) ≥ FiC( f2, θ2) ⇔
1

FiC( f1, θ1)
≤ 1

FiC( f2, θ2)
⇔ EI( f1, θ1) ≤ EI( f2, θ2) (A17)

Appendix C.4. Equivalence of Prevalence Threshold to LR+

Based on the PT definition and assuming that FPR ̸= 0, we obtain its relation
with LR+:

PT =

√
TPR·FPR − FPR

TPR − FPR
=

√
TPR/FPR − 1

TPR/FPR − 1
=

1√
TPR/FPR + 1

=
1

1 +
√

LR+
(A18)

For two classifiers, f 1, f 2, with different PT, we derive the equivalence of PT and LR+:

PT( f1, θ1) ≥ PT( f2, θ2) ⇔ LR + ( f1, θ1) ≤ LR + ( f2, θ2) (A19)

Appendix D. Equivalence of Metrics at the PoBP
Appendix D.1. Equivalence of Accuracy with PPV at the Point-of-Balanced Performance

The relation of Accuracy and PPV becomes (TN = N − FP and FP = PP − TP):

Acc =
TP + TN

S
=

TP + (TP + N − PP)
S

=
PP
S

(
2·PPV − 1 +

N
PP

)
(A20)

https://doi.org/10.3390/technologies14030139

https://doi.org/10.3390/technologies14030139


Technologies 2026, 14, 139 22 of 26

Since at the PoBP, PP = P; hence, we obtain the following:

Acc( f , θb) =
P
S

(
2·PPV( f , θb)− 1 +

N
P

)
(A21)

For classifiers f 1, f 2, Equation (A21) indicates that at the PoBP, Accuracy is equivalent
to PPV:

Acc( f1, θb1) ≥ Acc( f2, θb2) ⇔ PPV( f1, θb1) ≥ PPV( f2, θb2) (A22)

Appendix D.2. Equivalence of TNR to TPR at the Point-of-Balanced Performance

The relation between TNR and TPR is derived as follows:

TNR =
TN
N

=
N − FP

N
=

N − (PP − TP)
N

= 1 − PP − TP
N

= 1 − PP
N

+
P
N
·TPR (A23)

At the PoBP (where PP = P), we obtain the following:

TNR( f , θb) = 1 − P
N

+
P
N
·TPR( f , θb)) (A24)

For two classifiers f 1, f 2, Equation (A24) indicates that at the PoBP, TNR is equivalent
to TPR:

TNR( f1, θb1) ≥ TNR( f2, θb2) ⇔ TPR( f1, θb1) ≥ TPR( f2, θb2) (A25)

Appendix D.3. Equivalence of Informedness to TPR at the Point-of-Balanced Performance

Assuming that two classifiers f 1, f 2 have a different TPR at their PoBP and considering
the equivalence of TPR with TNR at the PoBP (Equation (A25)), we obtain the following:

TPR( f1, θb1) ≥ TPR( f2, θb2) ⇔ TPR( f1, θb1) + TNR( f1, θb1)

≥ TPR( f2, θb2) + TNR( f2, θb2)
(A26)

From the definition of BM, it is easy to show that it is equivalent to TPR at the PoBP:

TPR( f1, θb1) ≥ TPR( f2, θb2) ⇔ BM( f1, θb1) ≥ BM( f2, θb2) (A27)

Appendix D.4. Equivalence of P4 to TPR at the Point-of-Balanced Performance

For two classifiers f 1, f 2 with different TPR at their PoBP (for TPR ̸= 0), we obtain
the following:

TPR( f1, θb1) ≥ TPR( f2, θb2) ⇔
1

TPR( f1, θb1)
≤ 1

TPR( f2, θb2)
(A28)

Since TPR and TNR are equivalent at their PoBP (Equation (A25)) (for TNR ̸= 0), we
obtain the following:

TPR( f1, θb1) ≥ TPR( f2, θb2) ⇔
1

TNR( f1, θb1)
≤ 1

TNR( f2, θb2)
(A29)

Based on the above inequalities, we achieve the following:

1
TPR( f1, θb1)

+
1

TNR( f1, θb1)
≤ 1

TPR( f2, θb2)
+

1
TNR( f2, θb2)

(A30)
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Considering the P4 metric definition and the fact that at the PoBP, TPR becomes
equal to PPV (Equation (9)) and TNR becomes equal to NPV (Equation (11)), we obtain
the following:

P4( f , θb) =
1

1
TPR( f ,θb)

+ 1
PPV( f ,θb)

+ 1
TNR( f ,θb)

+ 1
NPV( f ,θb)

= 1

2
[

1
TPR( f ,θb)

+ 1
TNR( f ,θb)

] (A31)

From the above analysis:

TPR( f1, θb1) ≥ TPR( f2, θb2) ⇔
1

2·P4( f1, θb1)
≤ 1

2·P4( f2, θb2)
(A32)

The latter inequality implies that TPR becomes equivalent to the P4 metric at the PoBP:

TPR( f1, θb1) ≥ TPR( f2, θb2) ⇔ P4( f1, θb1) ≥ P4( f2, θb2) (A33)

Appendix D.5. Equivalence of LR+ to TPR at the Point-of-Balanced Performance

According to LR+ definition:

LR+ =
TPR
FPR

=
TPR

1 − TNR
(A34)

Assuming that two classifiers f 1, f 2 have a different TPR at their PoBP and considering
the equivalence between TPR and TNR at the same point (Equation (A25)), we obtain
the following:

TPR( f1, θb1) ≥ TPR( f2, θb2) ⇔ 1 − TNR( f1, θb1) ≤ 1 − TNR( f2, θb2) (A35)

Assuming that TNR ̸= 1, the latter inequality becomes the following:

TPR( f1, θb1) ≥ TPR( f2, θb2) ⇔
TPR( f1, θb1)

1 − TNR( f1, θb1)
≥ TPR( f2, θb2)

1 − TNR( f2, θb2)
(A36)

The above inequality indicates that TPR is equivalent to LR+ at the PoBP:

TPR( f1, θb1) ≥ TPR( f2, θb2) ⇔ LR + ( f1, θb1) ≥ LR + ( f2, θb2) (A37)

Appendix D.6. Equivalence of LR− to TPR at the Balanced Point of Performance

According to LR− definition, the following applies:

LR− =
FNR
TNR

=
1 − TPR

TNR
(A38)

Assuming that two classifiers f 1, f 2 have a different TPR at their PoBP, we obtain
the following:

TPR( f1, θb1) ≥ TPR( f2, θb2) ⇔ 1 − TPR( f1, θb1) ≤ 1 − TPR( f2, θb2) (A39)

Since at the PoBP, TPR becomes equivalent to TNR (see Equation (A25)), we achieve
the following:

TPR( f1, θb1) ≥ TPR( f2, θb2) ⇔
1 − TPR( f1, θb1)

TNR( f1, θb1)
≤ 1 − TPR( f2, θb2)

TNR( f2, θb2)
(A40)
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The above inequality indicates that TPR is equivalent to LR− at the PoBP:

TPR( f1, θb1) ≥ TPR( f2, θb2) ⇔ LR − ( f1, θb1) ≤ LR − ( f2, θb2) (A41)

Appendix D.7. Equivalence of DOR to TPR at the Point-of-Balanced Performance

Let us assume a comparison of two classifiers, f 1 and f 2, at their PoBP. Based on the
equivalence of TPR with LR+ and LR− metrics at the PoBP (see Equations (A37) and (A41)),
we obtain the following:

TPR( f1, θb1) ≥ TPR( f2, θb2) ⇔
LR + ( f1, θb1)

LR − ( f1, θb1)
≥ LR + ( f2, θb2)

LR − ( f2, θb2)
(A42)

Therefore, TPR and DOR are equivalent at the PoBP:

TPR( f1, θb1) ≥ TPR( f2, θb2) ⇔ DOR( f1, θb1) ≥ DOR( f2, θb2) (A43)

Appendix D.8. Equivalence of G-Mean Score with TPR at the Point-of-Balanced Performance

If two classifiers f 1, f 2 have a different TPR at their PoBP, then based on the equivalence
of TPR with TNR at the PoBP (Equation (A44)) and since TPR and TNR are positive, we
achieve the following:

TPR( f1, θb1) ≥ TPR( f2, θb2) ⇔ TPR( f1, θb1)·TNR( f1, θb1)

≥ TPR( f2, θb2)·TNR( f2, θb2)
(A44)

Considering that both TPR and TNR range between 0 and 1, we obtain the following:

TPR( f1, θb1) ≥ TPR( f2, θb2) ⇔
√

TPR( f1, θb1)·TNR( f1, θb1)

≥
√

TPR( f2, θb2)·TNR( f2, θb2)
(A45)

From this inequality, it is evident that the G-Mean Score is equivalent to TPR at
the PoBP:

TPR( f1, θb1) ≥ TPR( f2, θb2) ⇔ GM( f1, θb1) ≥ GM( f2, θb2) (A46)
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