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ARTICLE INFO ABSTRACT

Keywords: Binary classification is a fundamental task in machine learning, with applications across various scientific
Binary classification domains. Whether conducting fundamental research or refining practical applications, scientists typically
Performance scores assess and rank classification techniques based on performance metrics such as accuracy, sensitivity, and

Ranking of binary classifiers

X 4 specificity. However, reported performance scores may not always provide a reliable basis for research ranking.
Interval arithmetic

The unreliability can be attributed to undisclosed or unconventional practices related to cross-validation,

Consistency typographical errors, and other factors.

In a given experimental setup with a specific number of positive and negative test items, performance
scores can only assume specific, interrelated values. Based on this observation, in this paper, we introduce
numerical techniques to assess the consistency of reported performance scores with the assumed experimental
setup. Importantly, the proposed approaches do not rely on statistical inference. Instead, they use numerical
methods (interval computing and integer linear programming) to identify inconsistencies with certainty.

Through three applications in different fields of medicine, we demonstrate how the proposed tests can
detect inconsistencies, thereby safeguarding the integrity of research fields. The power analyses of the tests
in these applications show at least 71% of power when the performance scores are reported to four decimal
places. In the investigated areas, the tests have so far identified inconsistencies in more than 100 scientific
papers. To benefit the scientific community, we have made the consistency tests available in the open-source
Python package mlscorecheck.

1. Introduction datasets. Within these domains, research quality is often assessed solely
based on reported performance scores, despite the proven difficulty of

Recently, various authors have warned the scientific community this task even under controlled circumstances [8]. Consequently, ad-
about the so-called reproducibility crisis in artificial intelligence and dressing the reliability of reported performance scores becomes crucial.
machine learning-based research [1-4]. The crisis is characterized by a Once published, unrealistically high performance results can inadver-
significant body of research results that prove challenging to replicate tently validate flawed methodologies and may be amplified by the
through independent experiments or are built upon flawed evaluation publication bias [9], ultimately distorting entire research fields. For
methodologies. Among several reasons, notable ones include the ab- example, recently, multiple authors reported nearly perfect predictive
sence of shared code [1], improper use of statistics [1,5], ‘cosmetic’ results for premature delivery in pregnancy based on electrohystero-
adjustments of findings [6] and the presence of typographical errors in grams (EHG) [10]. Subsequently, in [11], it was discovered that the
reported figures. overly optimistic results in 11 papers were due to systematic data

leakage in the evaluation methodology.

In general, most meta-analyses [12] related to reproducibility neces-
sitate manual effort. One approach involves a thorough examination of
the relevant papers, seeking deviations from the scientific method and
best practices of statistics, as demonstrated in studies such as [13,14],
and [15]. Another approach entails attempting to replicate various re-
sults by re-implementing the techniques, as exemplified by the authors

To address the crisis, various recommendations have been pro-
posed [3,7] regarding the proper reporting of machine learning re-
search results. Unfortunately, the adoption of these standards has been
relatively slow, and they are unable to rectify existing issues in numer-
ous fields. In practical terms, many domains within machine learning
research operate as self-organized, ongoing competitions, with the
primary goal of achieving the best outcomes for specific problems and
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of the EHG report [11], which demands even more manual labor and
becomes impractical at a larger scale. To facilitate meta-analysis, in
this paper, we introduce numerical techniques to test the consistency
of reported performance scores with the described experimental setups
in binary classification.

Being one of the fundamental tasks in machine learning, binary
classification [16] also suffers from the aforementioned problems, re-
sulting in performance scores that are often incomparable or even
irreproducible (for example, [11,17]). In fundamental research and
practical applications alike, binary classification performance is typ-
ically assessed by making predictions on a test set (often employing
cross-validation schemes [18]). Then, the confusion matrix [19] is
constructed to tabulate the counts of correctly and incorrectly classified
positive and negative instances. In practice, confusion matrices are
rarely presented directly. Instead, these matrices are usually condensed
into multiple scalar metrics (such as accuracy and F1-score [19]), often
aggregated across multiple folds or different datasets. Although there
is ongoing research to identify the most suitable performance scores
and evaluation methodologies for certain fields [20-22], typically, a
multitude of scores is reported to quantify various aspects of predictive
performance.

Given the natural constraints imposed by the experimental setup
on the confusion matrix (e.g., the sum of all entries must match the
cardinality of the test set) and considering that the reported per-
formance scores are interrelated (they cannot take arbitrary values
independently), the question arises: Can the reported performance scores
be the result of the experiment? Mathematically, this question relates to
the existence of at least one compatible confusion matrix that aligns
with the experimental conditions and yields the reported performance
scores. Additional complexity is introduced by rounding and potential
aggregations. If the problem proves infeasible (there is no confusion
matrix that fulfills all constraints), any attempts to reproduce the results
are bound to fail.

Earlier, a technique called DConfusion was proposed in [23] to
reconstruct certain characteristics (but not the exact entries) of the
confusion matrix from reported scores. DConfusion was then effectively
applied to various studies involving binary classification [24] to assess
the validity of reported scores. Independently, in a previous paper of
ours, we introduced a similar approach to estimate the exact number of
pixels used for evaluating retinal vessel segmentation techniques [25].
Later on, refining the method, we developed a test sensitive enough to
identify significant methodological inconsistencies in the evaluation of
retinal vessel segmentation: Our analysis of over 100 papers concluded
that the rankings of algorithms in the majority of studies are based
on figures that cannot be compared directly [17], despite the authors
using the same test set of images for evaluation. Drawing inspiration
from the successful application of the concept, this paper generalizes
the method and develops consistency tests for many commonly used
performance scores and evaluation schemes in binary classification. The
proposed approach differs from DConfusion [23] in several key ways:
(a) while DConfusion supports only a limited set of performance scores
typically encountered in the field of software fault prediction systems,
the proposed technique supports the majority of performance scores
used in the literature; (b) DConfusion neglects the impact of aggrega-
tions, whereas the proposed method addresses the aggregation of scores
with mathematical rigor; (c) due to the omission of aggregations and
the propagation of rounding errors, DConfusion might produce false
alarms of inconsistency, whereas the inconsistencies identified by the
proposed technique are certain.

We emphasize that the proposed consistency tests are numerical
rather than statistical; thus, type-I errors (false positives) cannot occur.
In other words, inconsistencies are conclusively identified, implying
that either the assumed experimental setup or the reported scores are
incorrect. As in statistical hypothesis testing, the probability of type-
II errors (false negatives) depends on the specifics of the problem.
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However, as demonstrated in Section 5.3, it can reach 0% in real ap-
plications. Due to their robustness and ease of use, we believe that the
proposed techniques can serve as effective tools for meta-analysis and
contribute to enhancing the reproducibility of machine learning-based
science.

The contributions of the paper to the field can be summarized as
follows:

1. For performance scores calculated directly from confusion ma-
trices, we introduce a consistency test that supports 20 of the
most commonly used performance scores (without synonyms
and complements). We highlight that the test can be easily
extended to accommodate further score functions.

2. For experimental setups that involve the averaging of perfor-
mance scores across dataset folds or multiple datasets, we pro-
pose a consistency test that supports four widely used scores:
accuracy, sensitivity, specificity, and balanced accuracy.

3. We illustrate the practical application of the proposed techniques
in three real-world problems, showcasing its effectiveness in
identifying research with flawed evaluation methodologies and
unreliable performance scores. Through power analyses we show
that under mild circumstances, the proposed tests have more
than 71% power in these real applications.

4. To benefit the research community, we have released the pro-
posed tests as part of the open-source Python package
mlscorecheck [26]. This package is available in the standard
PyPI repository or on GitHub at https://github.com/FalseNegat
iveLab/mlscorecheck.

The paper is organized as follows: Section 2 introduces the nota-
tions, the concept of binary classification, the performance scores, and
outlines the problem of consistency testing. Sections 3 and 4 present
the proposed techniques for various evaluation schemes and scores, and
Section 5 demonstrates how the techniques can be applied in practice.
Finally, conclusions are drawn in Section 6.

2. Problem formulation

In this section, we formulate the problem we address and introduce
the notations and concepts that we will reference throughout the rest
of the paper.

In binary classification, typically there is a dataset D =
{(X1,¥1)s ..., (Xy,yn)} consisting of N paired feature vectors (x; € R)
and class labels (y; € {0,1}). The classes labeled as 0 and 1 are
commonly referred to as negative and positive classes, respectively. The
primary objective of binary classification is to use this dataset to infer
(train) a function h capable of making predictions about the class label
of a previously unseen feature vector x € R? as h(x). All classification
techniques predict class labels, but many of them (such as decision
trees [16], neural networks [16], etc.) are designed to estimate class-
membership probabilities P(x|y = ¢), ¢ € {0, 1}, and derive class labels
by assigning the label with the highest probability, thereby reducing
the probability of misclassification [27]. The choice of which classifier
outcome to favor depends on the specific application. For instance,
image segmentation [28] requires hard labels indicating whether a
pixel belongs to an object, whereas many medical applications priori-
tize ranking cases by the probability (risk) of having a condition [29].
Consequently, performance measurement varies by the field of applica-
tion, with two predominant approaches: one quantifies how effectively
the class-membership probabilities rank items, typically using the
ROC-AUC score [30,31]; the other assesses the quality of label assign-
ment [19]. This paper focuses on evaluating the quality of labeling.

To eliminate bias, classifiers must be evaluated using feature vectors
and corresponding class labels that were not used for training. In the
rest of the paper, we refer to these as the evaluation set, denoted by
&. (We note that in many scenarios the terms test set and validation
set are used synonymously.) For evaluation, the class label § = h(x) is
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Table 1
The potential outcomes in the evaluation of binary classification.

Predicted

Positive (5, = 1) Negative (§; = 0)

Positive (y, = 1)
Negative (y; =0)

True positive (tp)
False positive (fp)

False negative (fn)
True negative (tn)

predicted for each (x, y) € € and by comparing the corresponding pairs
y and J, the confusion matrix (see Table 1) is constructed, tabulating
the integer counts of true positive (7p), true negative (tn), false positive
(f p), and false negative (fn) predictions. One can readily see that if the
number of positive p and negative n instances of the evaluation set € is
known, the binary confusion matrix has two degrees of freedom, since
p=tp+ fnand n =1tn+ fp. Without loss of generality, we consider tp
and rn as the independent components.

To facilitate the comparison of classification approaches, a confu-
sion matrix is often summarized by scalar performance scores. (We use
the term performance score to prevent confusion with the mathematical
notions of measure and metric, which are used synonymously in various
sources.) The literature has proposed numerous performance scores,
each emphasizing different aspects of performance, some widely used
(such as accuracy), while others tailored to specific fields (such as the
diagnostic odds ratio in medical applications [32]). See Table 2 for a
summary of the scores covered in this paper. In the rest of the paper,
we always assume that there is a set S C {acc, sens, spec, ...} of scores
reported (any subset of the abbreviations in Table 2). For a specific
score s € S, the standardized functional form of the score is denoted by
fs» with f((tp,tn, p, n) yielding the true, possibly infinite decimal value
of the score for a confusion matrix characterized by #p, tn, p, and n.

In cases where predefined evaluation sets are not available, the
common practice is adopting the hold-out approach: randomly parti-
tioning the dataset into two disjoint sets (the training set 7 and the
evaluation set £). The random split makes the estimated performance
scores uncertain, which can be mitigated by repeating the random
partitioning and evaluation multiple times and aggregating the results.
To ensure that all data points are represented equally in the evaluation,
usually k-fold cross-validation (KFCV) is used [18]. In a kFCV scheme,
the dataset D is randomly divided into k disjoint subsets of equal size,
referred to as folds. The evaluation process iteratively selects one fold as
the evaluation set, trains the classifier on the remaining k—1 folds, and
evaluates it on the selected fold, using all data points for evaluation
once. Finally, the results are aggregated over all folds. To improve
stability further, kFCV can be repeated multiple times with different
random partitionings of D (known as repeated kFCV'). Another common
enhancement to kFCV is applying stratification to ensure that the class
distributions in each fold approximate that of the entire dataset. We
also note that in some cases, classifiers are evaluated on and the results
aggregated over multiple datasets.

Since many performance scores are ratios of integers, it is common
practice in scientific writing to round them to a finite number of
decimal places for presentation. For instance, introducing the notation
0, for the reported figure of the score s, o, = 0.945 implies that the
original value was rounded to 3 decimal places. Consequently, the
true value v} = f(tp*,tn*, p,n) is expected to fall within the interval
vt € [0 — €,0; + €] = [0.9445,0.9455], where ¢ = 1073 /2 represents
the numerical uncertainty. If flooring and ceiling are also allowed, the
numerical uncertainty increases to ¢ = 1073. The problem we address
in the rest of the paper can be phrased as follows: Given a set of
reported performance scores and the description of the experiment (the
datasets involved, the evaluation scheme, the mode of aggregation), could
the experiment have yielded the reported scores? For the intended use of
the developed methods, see Fig. 1.

3. Testing scores derived from one confusion matrix

In this section, we assume that there is a well-specified evaluation
set available, with known numbers of positive (p) and negative (n)
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instances, and a set of scores S C {acc,sens,...} reported up to e
numerical uncertainty. It is worth noting that this experimental setup
is common in various fields such as computer vision (when results for
publicly available test images are shared [17,38]); big data (where the
hold-out strategy is used to reduce computational demand); and ma-
chine learning competitions, including those on platforms like Kaggle
(www.kaggle.com), where a closed test set is withheld.

This section is organized as follows: In Section 3.1, we introduce
the consistency test in terms of exhaustive search. In Section 3.2, we
propose a more efficient implementation using interval computing. The
method is illustrated through an example in Section 3.3, and finally,
limitations are discussed in Section 3.4.

3.1. Testing by exhaustive search

The experimental setup (described by p and »n) and the reported
scores are consistent if there exist tp* € P = {0, ...,p} and tn* € N =
{0, ..., n} integers such that

fs@p*.tn*, p,n) € [0 — €, 0 + €, @

holds for each score s € S simultaneously. This simple condition readily
suggests an O(p - n|S|) time complexity algorithm based on exhaustive
search. One can test each pair of (tp,tn) € P x N to see if they
satisfy the conditions. If there are no feasible pairs, the experimental
setup and the reported scores are inconsistent. Although this brute-
force algorithm is functional and can be applied to datasets of even
medium sizes (p+n S 10 K), it is possible to reduce its time complexity,
making it efficient for much larger datasets.

3.2. The improved time complexity test

The idea behind the improvement is that the double iteration
through the potential values of both 7p and n could be reduced to one
if we could determine for a given value of ¢p the values of rn leading
to a desired performance score v}. To do so, the analytical forms of the
score functions need to be solved for the particular variables. Namely,
from v, = f,(tp,tn, p, n) solving

vg = fstp,tn,p,n) =0 (2)
for tn leads to the solution
tn=f g, 1p, p,n). 3

The solutions for all scores are provided in Tables 3 and 4.

If we knew the exact values of the scores v}, one would need to
check if there exists any f1p S P such that
f;tln(vj,tp, p. n) gives the same integer result for each s € S.

In practice, we have only interval estimations for v} € [0;—e¢, O, +e].
Therefore, to evaluate (3) one needs to exploit interval arithmetic [39].
For example, given p = 40, n = 70 and 9, = 0.927, one wants to
determine which tn values could lead to the reported score if 7p = 30
(an arbitrary choice from P). Selecting the solution u‘ch from Table 3
and evaluating it with interval arithmetic yields

-1 ([0.926,0.928], 30, 40, 70) = [71.86, 72.08], (€))

ace,tn

that is, the only integer tn can take to yield the reported accuracy score
is tn = 72. We note that depending on the numerical uncertainty, the
resulting intervals might contain multiple integers, and some scores
have multiple solutions leading to the union of intervals (Table 4).
Ultimately, the consistency test can be carried out by iteratively
testing if there exist at least one tp € P such that the intersection
f;tln([ﬁs —¢,0, + €l,tp,p,n) for all s € S contains at least one integer
from the feasible set N. If no such rp € P exists, the experimental
setup and the reported scores are inconsistent with each other. One
can readily see that the choice of tp to iterate by is arbitrary; the
consistency test could be implemented by iterating through tn € N and
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Table 2
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A summary of all performance scores discussed in the paper, including their standardized forms that depend on tp, tn, p, and n, their original definitions, and descriptions that

mention common synonyms and complements.

Name abbr. Standardized form Original definition Description
tn+t . . .
Accuracy [19] acc " " P The proportion of correctly classified items.
nre Complement: error rate.
Sensitivity [19] sens » The proportion of correctly classified positive items.
p Also known as: recall, true positive rate. Complement:
false negative rate.
Specificity [19] spec n The proportion of correctly classified negative items.
n P .
Also known as: selectivity, true negative rate.
Complement: false positive rate.
Positive predictive value PPV Ip p The proportion of truly positive items among all items
[19] nonip classified as positive. Also known as: precision.
Complement: false discovery rate.
. P tn . . .
Negative predictive value npv _ The proportion of truly negative items among all
p+tn—tp . o .
[19] items classified as negative. Complement: false
omission rate.
(2 +1 v - . s o s
f f [19] fbp ( b ) 1+ p2) ppo ” Sens The harmonic mean of positive predictive value and

ﬂip+n—tn+tp

+
Bippv + sens sensitivity, when sensitivity is § times more important

than the positive predictive value. Usually referred to
as the F-score, with g =1, the Fl-score.

(> +1 . spec
P [33] fbn 2(_7) 1+ ﬂE)M The harmonic mean of negative predictive value and
Penp+mn—tp Pnpu + spec specificity, when specificity is g times more important
than the negative predictive value.
4in -1 fi-f!
Unified performance upm Py pr )n+ ’p I m—— 2 1+ - The harmonic mean of . l and f!. Also known as: p4.
nn —1In n n-—
measure [33] P p)+ip ? P fr+fl
. tn-1p . - s
Geometric mean [19 m —_— S B The geometric mean of sensitivity and specificity.
[19] g wp y/sens - spec 8 y P y
. 1 . . P
Fowlkes-Mallows index [34] fm (R — \/ppv - sens The geometric mean of positive predictive value and
Vp(n—tn+itp) sensitivity.
Markedness [35] mk % + tip-{-t -1 npv + ppv — 1 Quantifies the probability that a condition is marked
prin=ip m=in¥ip by the predictor (versus random chance). Also known
as: Ap.
1
Bookmaker informedness bm 142y sens + spec — 1 Quantifies how informed the classifier is for the
[35] pon specified condition. Also known as: informedness.
th-tp—(n—t -1
Matthews correlation mcc netp= (= in)(p=1p) Vbm - mk The Pearson correlation coefficient computed for the
coefficient [19] Vnp(n=in+1tp) (p+ tn—1p) observed and predicted labels. Also known as: phi
coefficient.
e e . n-tp sens e s .
Positive likelihood ratio [19] Irp _— —_ Quantifies the probability of correct positive
p(n—tn) 1 — spec . B o1
prediction relative to the probability of type I error.
R . —1, - - - .
Negative likelihood ratio Irn np=1p) L - sens Quantifies the probability of type II error relative to
p-tn spec - . .
[19] the probability of correct negative prediction.
tp(n—t
on tpl=m
np spec + v/sens (1 — spec) — 1 ) A
Prevalence threshold [36] pt - Estimates the threshold on prevalence under which
—n-tp+p(n—tn) sens + spec — 1 .. o . . .
the precision of classification declines rapidly.
th-t 1
Diagnostic odds ratio [19] dor % Ir—p The ratio of the odds that tha classifier correctly
n=imip=tp " predicts a positive label to the odds of incorrectly
predicting the positive label.
1
Jaccard index [19] ji % The intersection over the union respecting items
n —1n . st P
? predicted positive and observed positive. Also known
as: threat score, ratio of verification, critical success
index, Tanimoto coefficient.
Balanced accuracy [19] bacc % (11 + %(xens + spec) The mean of sensitivity and specificity.
P n
—2np+2n-tp+2p-t iy
Cohen’s kappa [37] kappa nptin tptZp-tn Quantifies the agreement between the observed

n—n-th+n-tp+p*+p-tn—p-tp

labeling and the labeling by the classifier, taking into
account the probability of agreement by chance.

using solutions for 7p (also provided in Tables 3 and 4). Consequently,
the time complexity can be reduced to O(min(p,n) - |.S|) if the figure
with the smaller domain is chosen for iteration, leading to an efficient,
linear time algorithm, which is tractable even when the evaluation set
contains millions of records. Finally, since dynamic data structures are

not utilized, the space complexity of the algorithm becomes O(1). The
detailed pseudo-code of the test is listed in Algorithm 1.

It is worth noting that the time complexity could be further reduced
by solving pairs of performance scores as a system for tp and 1n,
eliminating the need for iteration by tp or tn. However, we found
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Consistency testing

The scores could be

No i sist — .
0 Inconsistency yielded from the experiment

The proposed
consistency testing
algorithms

The scores could NOT be

Tnconsistency yielded from the experiment

Fig. 1. The intended use of the proposed methods.

Data: p, n, ¢, the set of scores reported S, the reported values o,
SES

Result: True if inconsistency was found, False otherwise.

/* Selecting the figure to solve for (), the upper
bound of the feasible set for g (B), and the upper
bound of the integer set to iterate on (A4) */

if p < n then

| # < w;
else
| < tp;

A < min(p, n);

B < max(p, n);

/* Iterate through the possible values */

for a =0,1,...,A do
I<N f;/}([ﬁs —¢,0,+€l,a,p,n);

seS

if 1N{0,1,..., B} # ¢ then

/* Evidence found for feasibility */
return False;
/* Inconsistency identified x/

return True;
Algorithm 1: Consistency testing for scores computed directly from
the confusion matrix

that solving pairs of scores with higher-order terms would require the
involvement of advanced algebraic techniques, which falls beyond the
scope of this paper.

3.3. Example

Suppose there is an evaluation set of p = 1000 positive and n =
6000 negative samples, and the reported scores are 9,,, = 0.6801,
Oy = 0.9401 and 04, = 0.4004. Being conservative and assuming the
scores are floored or ceiled, the numerical uncertainty is ¢ = 0.0001.
Applying Algorithm 1, one finds that there are two pairs of (¢p, tn)
values compatible with the setup: (743, 4031) and (743, 4032). If
the scores were slightly adjusted, for example, accuracy changed to
0.6811, Algorithm 1 concludes that there is no (¢p, tn) pair fulfilling all
conditions. Similarly, if the assumption for p is incorrect, for example,
p = 1100, Algorithm 1 identifies the inconsistency.

3.4. Limitations and power analysis

The proposed test is linear in the size of the evaluation set as
well as in the number of reported scores; therefore, there should be
no computational limitations with reasonably sized datasets. As the
examples illustrate, the test is capable of recognizing inconsistencies in
reported performance scores and presumed experimental setups. Nat-
urally, smaller numerical uncertainty and more scores being reported
both increase the sensitivity of the test. However, it is still unclear

how sensitive the test really is to deviations from the assumptions. To
address this question — although the proposed method is numerical —
we draw an analogy with statistical hypothesis testing and utilize the
existing terminology.

In the proposed consistency tests, the null hypothesis is that the
reported scores and the presumed experimental setup are consistent;
the alternative hypothesis is that they are inconsistent in some sense, that
is, the scores are not calculated in the presumed way. Inconsistencies
are identified with certainty; therefore, the probability of a type I error
(false rejection of the null hypothesis [40]) is zero. However, the test
can still make type II errors [40], meaning that the null hypothesis is
false (the scores are not calculated in the assumed way), but the test
fails to recognize the inconsistency. The probability of making a type II
error () is the complement of the power (1 — ) of the test [40], which
is assessed in power analysis [40] in the field of statistical hypothesis
testing. Consequently, characterizing the sensitivity of the proposed
test to recognize inconsistencies is equivalent to carrying out its power
analysis.

Similar to statistical hypothesis testing, the power analysis requires
making assumptions about the nature of the deviations (for example, ty-
pographical error in the last decimal place of a score; differing number
of positive samples used to calculate the scores from those presumed,
etc.) and also depends on the actual parameters (numerical uncertainty,
the number of reported scores, etc.) of the problem. Therefore, similar
to statistical hypothesis testing, a general power analysis cannot be
carried out. However, it can be done in particular cases by simula-
tions, similar to the one carried out in our previous paper addressing
inconsistencies in the field of retinal vessel segmentation [17] and in
Section 5.3 of this paper.

4. Testing scores derived by aggregations

In this section, we develop tests for those scenarios where the scores
are aggregated over multiple evaluation sets (folds and/or datasets).
The mode of aggregation (discussed in Section 4.1) leads to different
tests, that we cover in Sections 4.2 and 4.3. The mapping of some com-
mon KkFCV schemes to the representation used by the tests is discussed
in Section 4.4. Finally, limitations are discussed in Section 4.5.

4.1. Mean of scores and score of means aggregations

We assume an experiment involving N, evaluation sets with p; and
n; positive and negative samples, respectively, for i = 1,..., N,, each
leading to a separate confusion matrix with entries tp; € {0,...,p;}
and rn; € {0,...,n;}. We are concerned about how these figures are
summarized by scalar scores for the entire experiment.
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Table 3
Scores with single solutions.
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Score (s) tp formula (f;tlp(s,tn, p. 1) tn formula (f;tln(s,tp, p.n)
acc acc-n+acc-p—tn acc-n+acc-p—tp
sens p - sens
spec n- spec
- 1 1,
ppv pipu( nttn) n+tp——p
ppv—1 ppv
npv prm— o (—p+1p)
npv npv —1
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. —Bin+ [P (B2n+p+in) —in P (Bn+p—1p)
n i e S A
1’ B2-fr+1
2 2
am gm*np gm*np
in p
Ir,p(n—tn ot
Irp Irep(n—im) gt
n Iryp
p(=lr_th+n —t
Im ( ) n(p—1p)
n Ir_p
bm pn(bm+1) —tn) n(p(bm+1)—1tp)
n p
pt pln=tm n(p—1tp)
n p
dor dor - p(n— tn) dor-n(p—tp)
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" 1
ji Jji(n+p—tn) n+p—fp_
Jji
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n I3
K K(nz7n»tn+p2+p-tn)+2np72p-m K(n2+n~tp+pz7p~tp>+2np72n»tp
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PP K(-n+p)+2n k(n—p)+2p
Table 4
Scores with multiple solutions.
Score Variable Formula
fm(fm-pt\/; fm2p+4n—4rn>
fm P
1p?
tn n+tp— I
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A natural way of aggregation is to calculate a score for each eval-
uation set separately and take the average. Formally, for a particular
score s, the overall score is calculated as

N,
oMoS = 3 Fapstn o) ®)
e i=1
where we introduced the notion of Mean of Scores (MoS) to indicate
the way of aggregation. We note that the MoS mode of aggregation
is extremely common in the evaluation of binary classifiers in cross-
validation scenarios, with the benefit that the N,-sized sample of scores
enables the estimation of confidence intervals [41] and the use of
hypothesis testing for the comparison of classification techniques [42].

Alternatively, one can calculate the averages of the tp, tn, fp, and
fn figures first, for example, 7p = NL Zl“l tp;, and compute the scores
e

from the mean figures as
oM = f, (ip,in,p, 1), (6)

where we introduced the notion of Score of Means (SoM) to reflect
the way of aggregation. One can readily see that the SoM aggregation
is equivalent to a weighted MoS aggregation when the weights are
defined as the denominators of the scores. SoM aggregation is beneficial
when the scores for some individual evaluation sets might become
undefined, typically with small and imbalanced data [43] (for example,
if a fold has only a handful of positive samples, tp =0 and fp =0 lead
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Table 5
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Comparison of the MoS and SoM evaluations on sample data in a k-fold cross-validation scenario with k = 5: the folds and a sample evaluation are shown in Table 5a, and the
scores in Table 5b. As expected, the more non-linearities are present in a score, the more the two aggregations deviate, but the most commonly used scores (accuracy, sensitivity,

specificity, f!) are very close to each other.

(a) The folds.

(b) The scores calculated by the two aggregation techniques.

Fold (i) p; n; tp; tn; score MoS SoM Score MoS SoM score MoS SoM score MoS SoM

0 100 201 78 189 acc 0.8290 0.8290 fi 0.7443 0.7427 Irn 0.2975 0.2985 ppv 0.7606 0.7465
1 100 200 65 191 bacc 0.8066 0.8066 fm 0.7471 0.7428 Irp 8.1202 5.8713 pt 0.2795 0.2921
2 100 200 81 160 bm 0.6131 0.6132 gm 0.8021 0.8038 mcc 0.6215 0.6147 sens 0.7391 0.7390
3 101 200 75 164 dor 28.0174 19.6671 ji 0.5945 0.5908 mk 0.6312 0.6163 spec 0.8741 0.8741
4 101 200 72 171 7! 0.8709 0.8719 kappa 0.6165 0.6147 npv 0.8706 0.8698 upm 0.8025 0.8022

to an undefined positive predictive value, which is a less likely scenario
for 7p and fp).

The terms used for the aggregations are inspired by the analogous
concepts of Ratio of Means (RoM) and Mean of Ratios (MoR) estimations
for ratio statistics [44,45], but generalized to accommodate the non-
linearities in the numerators and denominators of some scores (such as
Matthews correlation coefficient).

From the theoretical point of view, the goal of using multiple
evaluation sets and aggregating the results is to get a more reliable es-
timation of performance for the population of problems represented by
the evaluation sets. (We note that this concept leads to difficulties when
multiple datasets are involved, as the population of classification prob-
lems represented by some datasets is usually not well-defined [46].)
Nevertheless, estimation theory [47] can be expected to provide a
guideline on which aggregation is more reasonable. Interestingly, al-
ready for the simplest scores (with linear terms in the numerator and
denominator) it turns out that both aggregation schemes (5) and (6)
are biased estimators of the population level statistics [45]. Moreover,
even in the same experiment, different scores can lead to different
interpretations regarding their meaning. For example, in kFCV, if the
total number of samples (p + n) is divisible by the number of folds,
the fold-level accuracy scores have the same constant denominator,
the MoS and SoM aggregations become the same, and the aggregated
accuracy becomes an unbiased estimator of the population level pro-
portion of correctly classified items. In the same scenario, sensitivity
has randomness in the denominator since the various folds can have
varying number of positive samples; consequently, one can argue that
weighting by the number of positive samples in a fold (using SoM) is
a meaningful way to reduce noise. Finally, positive predictive value
has correlated randomness in its numerator and denominator (through
the presence of 1p), leading to both the SoM and MoS aggregations
becoming biased estimators [45]. Consequently, there is no consensus
on the superiority of either mode of aggregation.

In practice, when the data distribution across evaluation sets is fairly
uniform, the scores calculated by both aggregations are nearly identical
(see Table 5). Therefore, authors often do not explicitly describe the
method of aggregation, as it is not expected to significantly alter the
qualitative outcome of the research. A particular choice could be moti-
vated by multiple factors, for example: the best practices of a field, the
available implementation, the need to estimate the uncertainty of the
scores, small and imbalanced data, etc. Even in the same domain, with
the same data, one can find examples of both aggregations [17]. There-
fore, unless explicitly phrased, one cannot assume any aggregation as
default.

Since we develop sharp tests to check the consistency of reported
scores, even minor differences must be handled with mathematical
rigor. Therefore, in Sections 4.2 and 4.3, we develop consistency tests
for the two types of aggregations separately.

4.2. Testing scores aggregated by the Score of Means approach
While we introduced the term Score of Means to reflect the analogy

with the concept of Ratio of Means in statistics, taking the mean of
the figures tp, tn, p, and n (Eq. (6)) is unnecessary. It can be readily

seen that all scores covered in the paper (see Table 2) are invariant to
scaling. In other words, for any score s, the equation f(tp,tn,p,n) =
fola-tp,a-tn,a- p,a-n) holds for « € R*, and consequently,

N, N, N, N,
fs(tpstn’ﬁaﬁ):fx(ztpi’ztni’zpi’zni>‘ )
i=1 i=1 =1 =l
Therefore, any score calculated using the SoM approach can be treated
as if it were calculated from the confusion matrix of a problem with p’ =
N, o ) N, .
Y, p; positive and ' = ¥ ¢ n; negative samples. Consequently, when
scores aggregated in the SoM manner are reported, the consistency
tests developed in Section 3 are applicable using the total number of

positives p’ and negatives n’.
4.3. Testing scores aggregated by the Mean of Scores approach

In this section, we develop consistency tests for the MoS aggrega-
tion. First, we formulate the problem mathematically in Section 4.3.1,
then propose a tractable algorithm based on integer linear program-
ming in Section 4.3.2, and finally, illustrate the use of the technique in
Section 4.3.3.

4.3.1. Mathematical formulation
According to the definition of MoS aggregation (Eq. (5)), we are
concerned with the simultaneous feasibility of the inequalities:

Ne
ﬁ?’“’s —e< NL Z fs(tpistng, piny) < ﬁ?’“’s +e, forse S, (8)
e i=1
where tp; € {0, ...,p;} and tn; € {0,...,n;} for i = 1,..., N,. Due to the
non-linearities and the presence of raw figures tp; and tn; in both the
numerators and denominators of most scores, the averaging cannot be
simplified, resulting in a total of 2N, degrees of freedom in the general
case.
Similarly to the approach introduced in Section 3.1, one could
enumerate all possible combinations of the 0 < tp; < p; and 0 < tn; < n;,
i =1,...,N, figures and check if any of them leads to the reported

scores $M°S, 5 € S within the numerical uncertainty e. However, the

time complexity O (H;ii p,.n,-) of this brute-force approach renders it
intractable in practice, even in the simplest cases: a 5-fold evaluation
with p; ~ 10 positive and n; ~ 10 negative records in each fold lead to
approximately 10'° different combinations of the free parameters.

4.3.2. Feasibility by integer linear programming

The condition set (8) can be interpreted as the definition of the
feasibility region of a non-linear integer programming problem (with
any dummy objective function). In general, non-linear integer pro-
gramming is NP-complete [48], with no efficient algorithms for exact
solutions, and approximations are not suitable for sharp consistency
tests requiring exact decisions regarding feasibility.

However, for that subset of scores which leads to linear conditions,
integer linear programming can be exploited, which is solvable by
numerous techniques [48]. Consequently, the proposed consistency
test for MoS aggregations supports only those scores which are linear
functions of 7p and tn, namely, accuracy, sensitivity, specificity, and
balanced accuracy. Although this test is limited to these four scores only,
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we note that these scores are among the most commonly reported ones.
Expanding (8) for the linear scores leads to the condition set

=

«

tp; +tn;
AMDS—GSL Di ISﬁMDS+€,
acc ]V!3 P pi+n; acc
N(‘
LA)MDS_€<L E<AMGS+€
sens = N Di — “sens ’
e j=] Yi
1 N th
~AMoS i ~AMoS
Uspec —GS FE i n_l Svspec t+e,
i=
1 N t tn
[)%Zf—es— ﬁ+—'£0ggé’f+e,
N, & 2p; 2
tp; €{0,....,p;}, tn; €{0,...,n;}, 9

which is the most general set of conditions that is compatible with
integer programming. The consistency test operates by specifying the
conditions (9) for the available scores S (\{acc, sens, spec, bacc}, and
using any integer linear programming solver to check the feasibility of
the condition set. If the conditions are feasible, there is no inconsistency
between the scores and the experimental setup; if the feasibility region
is empty, the reported scores and the assumptions on the experimental
setup are inconsistent.

We mention that there is one more piece of information that is some-
times reported and can strengthen the test: the minimum and maximum
scores across folds. As noted in Section 4.1, one benefit of using MoS
aggregation is that one gets a distribution of scores, and sometimes
authors report the minimum and maximum values achieved across
the folds. Adding these constraints shrinks the feasibility region and
improves the sensitivity of the test. For example, if minimum (ﬁ%ﬁfa ct))
and maximum (f;;‘L ‘;fm)) scores are reported for accuracy, additional N,
pieces of constraints can be added to the linear programming problem:
“MoS  _ tp; +1tn;

min(acc) - p; + n;

IA

MoS  4ei=1,...,N, (10)

ﬁmax(acc)

We note that under special circumstances (stratified kFCV, both p
and n divisible by the number of folds), for some subsets of the scores
possibly fractional or convex programming with certain relaxation
techniques could be exploited [49]. However, the exploration of these
special cases is beyond the scope of the paper.

Finally, the time complexity of the test is equivalent to that of
integer linear programming, which is known to be NP-hard [48].
However, due to the relatively small number of folds used in typical
experiments, the problems to be solved are typically small, and the test
remains tractable in practice. The space complexity of integer linear
programming depends on the algorithm implemented by a particular
solver.

4.3.3. Example
The usage of the test is illustrated through the sample problem
shared in Table 5. Suppose the scores

oMoS = 0.8290, oMoS = 07391, pMoS = 0.8741 amn

sens spe:

are reported. With a conservative choice of numerical uncertainty set
at ¢ = 0.0001 (allowing ceiling or flooring), after substituting the
scores and the fold specifications from Table 5a into (9), and testing
the feasibility using an integer linear programming solver (specifically,
we used the Python package pulp [50]), the solver confirms that the
problem is feasible. This result suggests that the reported scores could
indeed have been obtained from the experiment. However, if accuracy
is incorrectly reported as %5 = 0.8280, the solver returns that the
configuration is infeasible, indicating that the scores are incompatible
with the assumptions on the experiment.
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4.4. Application of the tests in various experimental setups

In the previous sections, we introduced consistency tests for the
SoM and MoS modes of aggregation. In this section, we discuss the
assessment of various kFCV schemes using these tests. In a kFCV
experiment with k folds on a dataset comprising p positive and n
negative entries, we define the fold configuration as the distribution of
positives and negatives across the k folds, denoted as (p;, n,-)f.;l. As usual
in kKFCV, we assume p; + n; is either |(p + n)/k| or [(p + n)/k] + 1.
Additionally, we require that at least two folds contain at least one
negative and at least two folds contain at least one positive sample. This
ensures that all training sets in the folding process contain samples of
both classes, and at least accuracy is calculable in each iteration. We
treat fold configurations as multisets, where a certain pair of positive
and negative counts can appear multiple times. The order of the pairs
is irrelevant, as they lead to the same linear programming problem
regardless of order.

4.4.1. Testing the SoM scores of kFCV experiments

In the case of SoM aggregation, as discussed in Section 4.2, only
the overall counts of positive and negative samples are necessary for
testing. Therefore, in a standard kFCV experiment (where each entry
of a dataset is evaluated once), the parameters p and » of the dataset
should be used. Generally, in a repeated kFCV scenario involving N,
datasets with N, repetitions, since the fold configurations are irrele-
vant, the parameters p’ = N, - Zfi"l piand n' = N, - ZZ"I n; need to be
used for testing.

4.4.2. Testing the MoS scores of kFCV experiments

For MoS aggregations, knowing the fold configuration is crucial
to formulate the linear programming problem (9). While some data
providers, such as the KEEL data repository [51], supply foldings of
the datasets, the fold configuration is typically unknown in general
kFCV scenarios. However, there are special cases where the fold con-
figuration can be inferred. Particularly, when stratified KFCV is used,
proper stratification methods (such as the technique implemented in
the sklearn [52] Python package) ensure that each fold differs by at
most one sample in terms of the overall count of items, as well as the
counts of positives and negatives. This characteristic implies a unique
fold configuration that can be determined from p, n and k as shown in
Table 6. In repeated kFCV experiments or when using multiple datasets,
the joint fold configuration needs to be used.

4.4.3. Testing in the lack of knowing the fold configuration

When stratification is not used or its use is not explicitly indicated
in a paper, any fold configuration can be assumed. Addressing these
scenarios requires enumerating and testing all possible fold configu-
rations. Although this might seem intractable, it is feasible even in
real-life applications, as demonstrated in Section 5.2, especially when
the number of folds falls in the usual range (5-10) and the dataset is
imbalanced or relatively small. If all configurations prove inconsistent
with the reported scores, it can be concluded that the scores could
not have been yielded from the assumed experiment. Enumerating
all possible k-fold configurations given p, n, and k is a non-trivial
combinatorial problem. In the remainder of this section, we develop
an algorithm tailored specifically for this task.

The proposed algorithm is based on the observation that enumerat-
ing all fold configurations is closely related to the problem of integer
partitioning in combinatorics and number theory [53]. Specifically, we
are interested in the various ways p (or n) can be decomposed as p =
p + -+ + p,. Given a particular partition, it can be complemented with
negatives to achieve the desired cardinality of folds (n; ~ (p+n)/k—p;),
resulting in one fold configuration. There are algorithms proposed for
the enumeration of all unique partitions of an integer to m positive
parts (for example, the algorithm on page 343 in [53]). The main
complexity lies in addressing the varying cardinalities of folds when
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Table 6
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Fold configurations by the stratified kFCV implemented in sklearn, with p,,,, = p mod k, p,;, = |p/k], n,,y =n mod k, ny, = |n/k]. The count
of folds column indicates how many times folds with p; and n, counts appear in the configuration, when p,, ., + 1,,,; > k (@) and p,,,; + .4 < k

(b).

(@) If prog + Mo > k

Count of folds Positives (p;) Negatives (n;)

() If prog + Myoa < k

Count of folds Positives (p;) Negatives (n,)

Prod * Mmoa — K Paip + 1 gy + 1
k= Ryoq Paiv+1 Naiv
k = Poa Pdiv ngip + 1

K = Proa = inoa Paiv Ngjy
Prmod Paiv +1 Naiv
Mnod Pdiv ngip + 1

the total number of elements (p + n) is not divisible by the number of
folds (k).

Let ky;, = [(p + m)/k] and k,,; = (p + n) mod k. There are two
types of folds regarding cardinalities, denoted by superscripts a and b:
k% = k4 folds, each with ¢? = k;, + 1 elements, and kb = :=k — k,,,,
folds each with ¢ = k,;, elements. Without the loss of generality, we
choose the number of positives to drive the enumeration. Suppose there
are overall p? positive samples in the folds of type a, implying p? = p—p®
positive samples in the folds of type b. The various configurations of
p® positives distributed in the folds of type a can be determined by
enumerating all integer partitions of p? into at most k“ parts. Similarly,
for folds of type b, one can determine all integer partitions of p’ into
at most k® parts. One combination of the partitions of positives in
folds of type a and b can be complemented by negative samples to
match the cardinality of the respective folds, resulting in a unique
fold configuration. By iterating through all possible ways to split the
total number of positives p between the two types of folds, all fold
configurations can be generated. A precise algorithm (with all technical
details such as the removal of configurations not having a certain class
present in at least two folds) is provided in Algorithm 2. We note
that in practice, depending on the scores reported, some configurations
can be skipped. For instance, if sensitivity is reported, configurations
with folds having zero positives lead to undefined sensitivity scores,
contradicting the fact that the average sensitivity is reported.

For instance, in the case of p = 30, n = 300, and k = 5 (which is
comparable in size to many small and imbalanced medical datasets),
the total number of fold configurations is 673. As an example, one
particular output yielded by the generator in Algorithm 2 is a pair of
vectors p = [1,2,6,9,12],n = [65,64,60,57,54] representing the fold
configuration [(p; = 1,n; = 65),(py = 2,n, = 64),(p3 = 6,n3 = 60), (p; =
9,ny =57),(ps = 12,n5 = 54)].

4.4.4. Testing in the lack of knowing the mode of aggregation

If mode of aggregation (MoS or SoM) is unknown, one can still apply
the proposed consistency tests to identify inconsistencies: the scores can
be tested under both assumptions. If both tests lead to inconsistencies, it
can be concluded that the reported scores could not have resulted from
the experimental setup under either of these two reasonable modes of
aggregation.

4.5. Limitations and power analysis

The tests for aggregated scores rely on integer linear programming
and inherit the limitations of the available solvers. Since the number of
free variables is twice the number of evaluation sets (see Eq. (9)), the
integer linear programs implied by typical 5- or 10-fold cross-validation
schemes (10-20 free variables) are usually tractable. However, using
many more evaluation sets can deteriorate the solvability of the system.
Naturally, smaller numerical uncertainty and more reported scores both
improve the ability of the test to recognize inconsistencies.

The analogy drawn between the proposed tests and statistical hy-
pothesis testing in Section 3.4 is equally valid for testing aggregated
scores. Assessing the sensitivity of the test to recognize inconsistencies
requires a power analysis, which cannot be conducted without making
assumptions about the nature of the deviations. However, in specific
cases, it can be done through numerical simulations, similar to the anal-
yses carried out in our previous paper [17] addressing inconsistencies
in the field of retinal vessel segmentation, and also in Section 5.2 of
this paper.

Generator KFoldConfigurations(p, n, k):
Description: Generates all fold configurations.

Args: the number of positives (p), negatives (n), and folds
(k>2)
Yields: (p,n) € N¥, (p,,n,) representing the number of
positives and negatives in the ith fold, respectively.
Kgivs kmoa < L0 +m)/k],(p+n) mod k;
K% kb — kypog k — K
e et — kg + Lkgys
for p* =0, ..., min{p, k% - c*} do
for p in Partition(p4, k% ¢?) do
for p® in Partition(p—p9 kb, ) do
p < [p%p’];
n < [La-c® —p% 1 - c® —pPl;

mod>

k k
if Z Ihs022A Z [4,50 = 2 then
| Yield: p,n
Generator Partition(q, k, g,,,):
Description: Generates all partitions of q with at most k parts,
no part greater than gq,,,,.
if ¢ = 0 then
| Yield: 0,
for m =1, ..., min(q, k) do
for q in MPartition(q, m) do

m
if ; I4,>g,q =0 then

| “yield: [0,_,.q]
Generator MPartition(q, m):
Description: Implements the algorithm on page 343 in [53],
iteratively yielding one unique partitioning of q to m parts:
q ez
Algorithm 2: The algorithm generates all possible fold configura-
tions, ensuring that for each class there at least 2 folds containing
at least one sample, thereby ensuring a valid training set in all
configurations. 0, and 1, denote the x dimensional 0-vector and 1-
vector, respectively, [x,y] stands for the concatenation of vectors x
and y.

5. Applications

In this section, we demonstrate the application of the proposed
consistency tests in three real problems related to the use of machine
learning in medicine and also discuss potential further applications.

5.1. Retinal vessel segmentation and further applications in retina image
processing

The techniques proposed in this paper are generalizations of those
used in our previous work [17] in the field of retinal vessel segmenta-
tion. In this subsection, we provide a concise overview of that scenario,
including the results and potential applications in related fields. The
field of retinal vessel segmentation has been a popular research area
for nearly two decades. The most widely used dataset for evaluation
(DRIVE [54]) offers 20 training and 20 test images with manual an-
notations. Due to the well-defined test set, the reported performance
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(a) Retina image

(b) Vessel mask

(c) Field of View mask

Fig. 2. One entry (“21”) of the DRIVE retinal vessel segmentation dataset: a retina image 2(a); the vessel mask (white pixels indicate the vasculature to be segmented) 2(b); and

the FoV mask, white pixels indicating the FoV region 2(c).

scores — typically accuracy, sensitivity, and specificity — serve as the
basis for ranking algorithms in most papers. Due to the specialized
image acquisition techniques, the useful image content resides in a
disk-shaped area in the center of a rectangular image, referred to as
the Field of View (FoV) (see Fig. 2 for one entry of the DRIVE dataset).
Textual evidence suggests that some authors evaluate the segmentation
performance within the FoV region only, while others use all pixels in
the images. However, in most papers, the region of evaluation is not
specified explicitly. The problem arises from the fact that the pixels
outside the FoV region can easily be identified as non-vessel pixels,
and account for about 30% of all pixels. Including these pixels as
true negatives boosts the accuracy and specificity scores compared to
evaluating only the pixels within the FoV region.

For a fair comparison and ranking of algorithms, it is desired to
identify the evaluation methodology used for calculating a certain set of
scores. This can be achieved by the proposed methods (Sections 3, 4.2
and 4.3) by testing the consistency of the scores under two assumptions:

+ The authors used only the pixels in the FoV region for evaluation;
+ The authors used all pixels of the images for evaluation (note that
the overall number of negatives, n, is different).

In our meta-analysis [17], we selected the 100 most cited papers
in the field and assessed the consistency of both image-level and
aggregated scores under the two assumptions, uncovering the following
key insights into the state of the art in the field:

1. Approximately 30% of the papers reported scores that are incon-
sistent with both assumptions, casting doubt on their validity.

2. For the remaining papers, we identified the evaluation region,
and revealed a systematic bias: authors using all pixels of the
images reported higher performance scores — an artifact of the
undisclosed evaluation methodology - resulting in skewed algo-
rithm rankings favoring those using all pixels for evaluation.

3. In 100 of the most cited papers in the field, incomparable
performance scores were compared and ranked regardless of
the evaluation region, leading to biased conclusions about the
capabilities of certain algorithms.

Numerous other lesions and anatomical structures in retinal im-
ages, such as exudates [55] and the optic disk [56], are targeted by
segmentation and detection algorithms. The possibility of evaluating
their performance in the FoV region or using all pixels in the images
exists in all these problems. Building on the successful application of the
proposed techniques for retinal vessel segmentation, it is reasonable to
assume that these methods can be applied to validate and rectify the
reported results in other problems of retinal image processing.
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5.2. Preterm delivery prediction from electrohysterogram signals

In recent years, there has been growing interest in predicting
preterm delivery from electrohysterogram (EHG) signals [10], particu-
larly with the availability of the TPEHG dataset [57], containing 38
positive and 262 negative records. At some point, multiple authors
reported almost perfect prediction scores in kFCV scenarios. However,
in the study [11], it was revealed that these exceptionally high perfor-
mance scores could not be replicated. The root cause of these overly
optimistic results was traced to a methodological flaw: the improper
use of minority oversampling.

The Synthetic Minority Oversampling TEchnique (SMOTE) [58] and
its variations are commonly employed techniques to enhance the per-
formance of binary classification on highly imbalanced data [59]. These
techniques involve artificially generating additional training samples
for the minority class to address the asymmetric degeneracy in the
learning process. When employing minority oversampling in a kFCV
scenario, it is critical to apply oversampling to each training set sep-
arately, excluding any elements of the fold designated for testing.
Applying oversampling to the entire dataset prior to kFCV adds highly
correlated samples to the dataset, leading to a significant data leakage.
The authors of [11] reproduced all of 11 studies and concluded that
the most likely cause for the overly optimistic results is the application
of minority oversampling prior to kKFCV.

When minority oversampling is applied prior to kFCV, it increases
the number of samples used for evaluation. Therefore, the scores de-
rived from the augmented dataset can be expected to exhibit incon-
sistencies with the correct experimental setup. Consequently, the time-
consuming and error-prone task of reimplementing algorithms to verify
the results (as the authors did in [11]) could be replaced by employing
the techniques developed in this paper. For example, one study with
the methodological flaw [60] reported the scores ’7% ;’S = 0.9447,
oMoS = 09139 and ﬁj,‘;’:f = 0.9733 in a 5-fold cross-validation sce-
nario. Although the authors mentioned using minority oversampling to
increase the overall number of positive samples to p’ = 244, it remains
unclear whether they used the additional samples solely for training or
also for evaluation. The authors did not mention using stratification,
hence testing all possible fold configurations is necessary for conclusive
results. With the parameters of the correct experimental setup (p = 38,
n =262, and k = 5), the number of possible fold configurations becomes
918 (determined by the exhaustive enumeration algorithm presented in
Section 4.4.3). Applying the MoS test (Section 4.3) reveals inconsisten-
cies between the reported scores and each of the 918 configurations,
suggesting that the reported scores could not have been obtained
through 5-fold cross-validation on the original dataset. Under the as-
sumption of using p’ = 244 positive samples (i.e., including the highly
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Fig. 3. The results of the power analysis for the TPEHG preterm delivery dataset.
The assumed inconsistency is that minority oversampling is carried out prior to 5-fold
cross-validation. The vertical axis represents the power of the test (1 - ), as a function
of the number of decimal places reported.

correlated generated samples for evaluation), the total number of possi-
ble fold configurations expands to approximately ~2.6 M. Notably, the
962nd fold configuration [(1, 101), (4,97), (40, 61), (99, 2), (100, 1)] already
provides evidence that the reported scores could be achieved with the
p' and n counts and 5-fold cross-validation, with the corresponding
(tp;, tn;) counts of [(1,96),(3,92),(38,59),(90,2), (96, 1)]. With this exam-
ple, we have provided numerical confirmation of the findings in [11]
regarding the improper use of minority oversampling in [60], without
the need to reimplement [60].

The power analysis of the method in this particular problem can
be conducted as follows. Firstly, we specify the type of inconsistencies
for which we are performing the power analysis. In this case, a reason-
able choice is inconsistencies arising from the application of minority
oversampling prior to 5-fold cross-validation. Specifically, the reported
accuracy, sensitivity and specificity scores are calculated from a dataset
with p = 262 and n = 262 using 5-fold cross-validation. We simulate
such scenarios by randomly drawing the number of true positives and
true negatives for each fold, calculating the performance scores, averag-
ing them, and rounding to k decimal places. Subsequently, we apply the
proposed consistency test assuming the proper experimental setup (p =
38) and record whether inconsistencies are detected. Based on 1000
such test scenarios, we estimate the probability of detecting this specific
type of inconsistency when the performance scores are rounded to 2,
3, or 4 decimal places. The results are summarized in Fig. 3, where the
vertical axis represents the power of the test (probability of recognizing
the inconsistency). As depicted in the figure, when performance scores
are reported with 4 decimal places, which is typical in the field, the
probability of detecting inconsistencies due to the improper use of mi-
nority oversampling is 0.71. While there remains a 29% chance of false
negatives, the outcome suggests that the proposed technique effectively
identifies this specific type of methodological flaw. As anticipated,
the power declines when the scores are reported with fewer digits. It
is worth noting that similar power analyses could be conducted for
various other types of inconsistencies, such as assuming typographical
errors in the reported scores.

Beyond eliminating the need to reimplement algorithms to identify
methodological flaws in this specific application, the example also
highlights that the proposed consistency tests are effective for detecting
similar methodological flaws in various other fields where minority
oversampling [58] is used.

5.3. Classification of skin lesions
In this subsection, we illustrate the application of the proposed

techniques in a field where - to the best of our knowledge — no meta-
analysis aimed at validating reported results has been conducted before:

11

Applied Soft Computing 164 (2024) 111993

the classification of skin lesion images. An analysis as detailed as the
one we conducted in retinal vessel segmentation [17] is clearly beyond
the scope of this paper. However, we can test the reported scores in
some highly influential papers to see if ambiguities are present. The
analysis is based on the highly cited survey [61] providing a systematic
overview of research up until 2021. From this survey, we selected the
10 papers (listed in Table 7) with the most citations according to Google
Scholar at the time of writing.

Unlike the applications discussed in Sections 5.1 and 5.2, this field
is centered around multiple datasets (see Table 7 for a summary)
compiled for the classification of skin lesion images into two classes
(malignant and non-malignant, ISIC2016 [38]) or multiple, more spe-
cific categories (ISIC2017 [62], see Fig. 4 for an illustration). After
carefully analyzing the selected papers, we found that [63,64], and [65]
are not suitable for consistency testing (refer to the ‘conclusion’ column
of Table 7 for details). In the remaining papers, the authors provide
sufficient details to apply the consistency tests. (Note that the 3-class
problem ISIC2017 [62] was treated by the authors as two one-vs-all
binary classification problems targeting the recognition of the classes
Melanoma (M) and Seborrheic Keratosis (SK)). In most papers, multiple
sets of performance scores are shared, illustrating the operation of cer-
tain algorithmic steps, with the most commonly reported scores being
accuracy, sensitivity, and specificity. Given that the datasets either
include a designated test set of images or the authors specify one and
share its details, the consistency test developed in Section 3 was applied
in each case. The number of reported score sets (N, ) and the number
of inconsistent sets (N,,. ) are provided in the corresponding columns
of Table 7. No inconsistencies were detected in [66,67]. In [68,69],
and [70], only a handful of score sets showed inconsistencies, likely due
to typographical errors. However, the scores reported in papers [71,72]
were inconsistent with the assumptions of the experiment, prompting
a more detailed analysis of these papers.

Regarding [71], we tested multiple assumptions, such as the possi-
bility that scores like M, represent the accuracy of the Melanoma
(M) class against the Nevus class instead of against both the Nevus
and Seborrheic Keratosis classes. We also assumed that the accuracy
and specificity figures might have been interchanged in the paper,
as accuracy cannot be higher than both sensitivity and specificity
simultaneously. However, all assumptions led to inconsistencies with
the claimed number and distribution of test images. Therefore, we
concluded that the reported scores are not comparable with those
reported in other papers using the same dataset (such as [70]). Regard-
ing [72], the authors mention that they report the performance scores
of binary classification in a weighted manner, from the perspective of
both classes treated as positive and using the number of samples in
a certain positive class as weights. This uncommon weighting makes
sensitivity equivalent to accuracy and turns specificity into a figure
with no common interpretation. Although this reinterpretation resolves
the inconsistencies, we still consider the scores inconsistent with the
commonly accepted definitions of the terms.

The final conclusion of the analysis is that, in the field of skin lesion
classification, there are highly influential papers (such as [71,72]) with
inconsistent scores that are often cited for comparison and ranking in
other research (e.g., [73]).

Similar to Section 5.2, we carried out a power analysis to estimate
how effective the proposed test is in recognizing inconsistencies in the
skin lesion classification problems ISIC2016 and the two binary clas-
sification aspects of ISIC2017: recognizing the Melanoma class against
Nevus and Seborrheic Keratosis, and recognizing Seborrheic Keratosis
against Nevus and Melanoma. In this analysis, we are not aware of
potential systematic methodological flaws (such as the improper use
of minority oversampling in the case of preterm delivery prediction
in Section 5.2). Therefore, we investigated the ability of the test to
recognize even the slightest typographical error in one of the reported
scores, specifically when the last digit of accuracy is altered by 1.
For example, instead of the true accuracy 0.932, accidentally 0.933 is



A. Fazekas and G. Kovdcs

Applied Soft Computing 164 (2024) 111993

(a) Nevus

(b) Seborrheic Keratosis

(¢) Melanoma

Fig. 4. Entries of the ISIC 2017 [62] dataset: Nevus 4(a); Seborrheic Keratosis 4(b); Melanoma 4(c).

Table 7
The summary of consistency testing in skin lesion classification.
Ref. cit. Dataset Digits Scores N,,. Nipe. conclusion
[68] 991 1SIC2016 [38] 3 acc, sens, spec 18 1 Potentially typos present.
[63] 603 ISIC2016 [38] - - - - The paper is about image segmentation
performance.
[69] 574 1SIC2016 [38] 3 acc, sens, spec 27 3 Potentially typos present.
[70] 389 ISIC2017 [62] m/sk 3 acc, sens, spec 32 2 Potentially typos present.
[64] 389 1SIC2016 [38] (custom selection) - - - - Not enough details shared.
[66] 322 Argenziano’s [74] 3 ppV, sens, spec 16 0 No inconsistency identified.
[65] 313 custom - - - - Not enough details shared.
[71] 312 ISIC2017 [62] m/sk 3 acc, sens, spec 20 20 All accuracy, sensitivity and specificity scores
reported for the two binary classification tasks
M and SK are inconsistent.
[67] 259 custom 4 acc, sens, spec 18 0 No inconsistency identified.
[72] 238 1SIC2016 [38] 4 acc, sens, spec, f1 8 4 Unorthodox weighting of the scores.
1.0 1.0 1.0
1.0 0.99 1.0 1.0 1.0 1.0
0.8 0.8 0.8
@ Q @
o6 07 !, 0.6 L 0.6
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decimal places reported (k)

(a) ISIC2016

decimal places reported (k)

(b) ISIC2017 Melanoma

decimal places reported (k)

(c) ISIC2017 Seborrheic Keratosis

Fig. 5. The results of the power analysis for the ISIC2016 dataset (a) and the two binary aspects of the ISIC2017 dataset, recognizing Melanoma (b) and Seborrheic Keratosis
(c). The assumed deviation is a typographical error with the smallest possible effect: a 107 difference in the kth digit of the accuracy score, when the results are reported to k
decimal places. The vertical axis represents the power of the test (1 — ) as a function of the number of decimal places reported. In these problems, when at least 3 digits are
reported, the test recognizes the slightest deviation with a probability of 1. The slight decrease in power in the case of ISIC2016 at 4 decimal places is due to the fact that the

size of the effect decreases with the increasing number of reported digits.

reported. The power analysis was carried out in a similar manner as
described in Section 5.2, and the results are summarized in Fig. 5. As
the results suggest, when at least 3 decimal places are reported, the
proposed test will recognize even the slightest typographical error as
an inconsistency with a probability of 1, indicating its effectiveness
in testing the consistency of reported scores in this field. It is worth
highlighting that the scope of the power analysis does not limit the
ability of the test to identify various other types of inconsistencies,
such as adjustments to the evaluation set by changing the number of
positive or negative samples (e.g., accidentally removing samples), or
when performance scores are calculated using incorrect formulas. The
power analyses for these types of inconsistencies can be carried out in
a similar manner.
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6. Conclusions

The meta-analysis of research is crucial to address the reproducibil-
ity crisis in artificial intelligence research and applications. Neverthe-
less, without numerical techniques, it demands enormous manual labor.
To facilitate meta-analysis and enable the numerical identification of
methodological flaws and inconsistencies, we have introduced various
numerical tests to assess the consistency of reported performance scores
and experimental setups in binary classification. The tests are based
on the fact that whenever multiple performance scores are reported,
their values are interrelated, and these interrelations can be verified by
numerical techniques.

The proposed tests cover numerous evaluation scenarios. The test
developed for performance scores derived from a single evaluation set
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supports 20 different scores (Section 3). Regarding scores obtained by
aggregations, we showed that in the case of the Score of Means strategy,
the testing falls back to the methods developed for scores derived from
a single evaluation set (Section 4.2). For Mean of Scores aggregations,
we developed a test supporting four of the most commonly reported
scores (Section 4.3), and we also proposed the enumeration of all
fold configurations when stratification is not used and the specifics of
the folds are unknown (Section 4.4.3). Across Sections 3 and 4, we
highlighted multiple opportunities to improve the efficiency or extend
the coverage of the tests. Regarding the computational limitations,
the test proposed for scores derived from a single confusion matrix is
applicable to any reasonably sized dataset, while the tests developed
for aggregated scores are limited by the capabilities of the integer linear
programming solver being used.

In terms of applications, we briefly discussed the prior application
of simplified forms of the proposed methods in the field of retinal
vessel segmentation (Section 5.1) and explored potential further appli-
cations related to retinal image processing. We also demonstrated that
the proposed techniques are suitable for replacing the manual labor
required to verify the reported results by reimplementation in situations
similar to preterm delivery prediction from EHG signals (Section 5.2).
This application also illustrated that the proposed methods can be used
to identify a common methodological pitfall when synthetic minority
oversampling is employed. The power analysis of the method in this
application reveals that the proposed test can recognize inconsistencies
with a probability of 71%. Lastly, in Section 5.3, through a small
meta-analysis employing the proposed techniques in the field of skin le-
sion classification, we uncovered the presence of irreproducible results
systematically cited in the literature. The power analysis focusing on
typographical errors showed that, in this problem, the proposed method
is capable of recognizing the slightest typographical errors with 100%
probability.

Given the reproducibility crisis in machine learning and artificial in-
telligence research, along with the vast number of scientific papers and
the limited capacity for reimplementation, validation, and verification,
the proposed tests — as illustrated by the applications — offer effective
tools to assess and safeguard the integrity of research.

For the benefit of the community, a reference implementation of the
proposed consistency tests has been released as an open-source Python
package with an intuitive interface. The package is available in the stan-
dard Python repository (PyPI) under the name mlscorecheck [26]
and on GitHub at the following URL: https://github.com/FalseNegativ
eLab/mlscorecheck.
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