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Background: The rapid integration of artificial intelligence (AI) into
mammography necessitates robust quality control methods. The lack of
standardized methods for establishing decision thresholds on the Receiver
Operating Characteristic (ROC) curves makes it challenging to judge the AI
performance. This study aims to develop a method for determining the decision
threshold for AI in screening mammography to ensure the widest possible
population of women with a breast pathology is diagnosed.
Methods: Three AI models were retrospectively evaluated using a dataset
of digital mammograms. The dataset consisted of screening mammography
examinations obtained from 663,606 patients over the age of 40. Our method
estimates the decision threshold using a novel approach to net benefit (NB)
analysis. Our approach to setting the cutoff threshold was compared with the
threshold determined by Youden’s index using McNemar’s test.
Results: Replacing the Youden index with our method across three AI models,
resulted in a threefold reduction in false-positive rates, twofold reduction
in false-negative rates, and twofold increase in true-positive rates. Thus,
the sensitivity at the cutoff threshold determined by NB increased to 99%
(maximum) compared to the sensitivity determined by Youden’s index threshold
(72% maximum). Correspondingly, the specificity when using our method
decreased to 48% (minimum), compared to 75% (minimum) with the Youden’s
index method.
Conclusions: We propose using AI as the initial reader together with our
novel method for determining the decision threshold in screening with double
reading. This approach enhances the AI sensitivity and improves timely breast
cancer diagnosis.
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Introduction

The healthcare systems face increasing burden and personnel
shortages, leading to elevated rates of medical errors. Routine
tasks contribute to professional burnout, diminishing the quality
of care. To address these challenges, AI technologies are being
actively integrated into healthcare, aiming to improve care quality
(Vasilev et al., 2023a,b,c). AI applications range from screening,
diagnosis, and prognosis of health outcomes to the creation of
medical decision support systems, and healthcare optimization (Liu
et al., 2021).

One of the key areas for AI application in healthcare is
breast screening (mammography) (Morozov et al., 2020a,b). Breast
cancer is a leading cause of death among women, accounting for
over 19.1% of all cancers in Russia (Huang et al., 2021). The
main screening methods are digital and analog mammography
(MMG) (Evans et al., 2013). However, a radiologist is not
always able to accurately interpret MMG results and provide
timely referrals for histological examination (Bae et al., 2014).
This increases the time it takes for diagnosis establishment and
treatment initiation (missed breast cancers diagnoses due to human
error can reach 31%) (Hovda et al., 2023). One way to address
these issues is using AI (Vasilev et al., 2023a, p. 10). While it
seems simple, in clinical practice turning an AI into a reliable
pathology detector may be challenging (Olczak et al., 2021; Hicks
et al., 2022). The bottlenecks include dataset labeling, selecting
metrics for evaluating AI performance, choosing a decision
threshold for binary classification (including screening MMG), and
other challenges.

Developers working with computer vision and binary
classification utilize ROC curves to evaluate AI performance. The
ROC curve is a graphical plot that illustrates the performance
of a classification model at all possible threshold values. ROC
analysis employs quantitative metrics such as specificity,
sensitivity, accuracy, F-1 score, to optimize AI performance
across classification thresholds. AI’s high sensitivity becomes
crucial when a disease or pathology is contagious or associated
with serious complications. In this scenario, incorrect classification
may cause severe consequences, such as spread of infection or
patient’s death. Other scenarios benefit from high specificity, such
as incorrectly classifying a finding as pathological followed by risky
and expensive diagnostic tests, such as biopsy (Habibzadeh et al.,
2016; Cho et al., 2021). To optimize the AI fine tuning for digital
MMG we used ROC analysis, a widely accepted and beneficial
method in healthcare. To that end, it was necessary to choose an
optimal decision threshold that would fit the AI’s task (Liu et al.,
2019).

The ROC curve visualizes the binary classification of an AI
model across various thresholds. It plots the trade-off between
sensitivity (the model’s ability to correctly identify positive cases)
and specificity (its ability to correctly identify negative cases) as
the decision threshold changes. The decision threshold is the
probability (from 0 to 1) of the model to classify a case as a positive
or a negative. With a threshold set at 0.5, the model classifies cases
with probabilities above this value as positive, and those below as
negative. Where area under the ROC curve (AUC) is 0.5, the AI
performance is similar to a random classifier.

Let’s consider a screening model that utilizes
binary classification:

Positive cases: people who have the disease;
Negative cases: people who do not have the disease.

The AI model generates the probability scores for target disease
presence. To classify cases into “pathology” or “normal,” we can
set different decision thresholds. For instance, at a threshold of
0.7 on ROC curve, the model classify cases as “pathology” when
the disease probability exceeds 70%. Lowering the threshold to
0.3 increases the model sensitivity for disease detection but may
increase false-positive classifications of healthy individuals.

Currently, there are several main ways to determine the
most appropriate decision threshold in diagnostic tests with
continuous outcomes:

1. Assigning equal weights to sensitivity and specificity
(maximizing both AI performance metrics). This represents
the point on the ROC curve where the distance (d) from
coordinates (0,1) to the curve reaches its minimum (Figure 1).

2. The second method for optimizing sensitivity and specificity of
the AI model and determining the optimal decision threshold
is the Youden index (Martínez-Camblor and Pardo-Fernández,
2019). The Youden index is the distance from the line of equality
to the ROC curve (Figure 1) calculated using the following
formula: J = sensitivity + specificity – 1 (Youden, 1950).

3. The third method: manually assigning predetermined sensitivity
or specificity values. In autonomous AI MMG screening, setting
the threshold to 100% sensitivity minimizes the risk of missed
pathologies. In this scenario, the radiologist would only analyze
studies with suspected pathological findings (Vasilev et al.,
2024).

4. The fourth method: determining a decision threshold using a net
benefit parameter (Pfohl et al., 2022). The latter may factor in
the following components: financial costs of false-positive (FP)
and false-negative (FN) diagnoses, patient’s comfort (as a result
of positive diagnosis treatment is required), costs associated
with additional examinations, and other expenditures. The final
method for calculating net benefit depends on which features
researchers choose to include in their study. For this reason,
net benefit analysis is rarely applied in clinical trials due to
its computational complexity and challenges in interpretation
(Greiner et al., 1995; Kumar and Indrayan, 2011).

The first two approaches to determining a decision threshold
utilize graphical ROC analysis seeking the point with the highest
sensitivity-to-specificity ratio closest to coordinates (0,1) (Figure 1).
In contrast, in the net benefit analysis precedes the graphical search.

Net benefit is a quantifiable metric that has recently seen
growing adoption among healthcare and AI researchers (Pencina
et al., 2008; Vickers et al., 2016). Historically, the derivation of
the net benefit Formula was first published by Peirce in 1884
(Peirce, 1884). Introducing such a formula meant to measure the
predictive performance across diverse domains including medicine,
economics, meteorology and other areas where prediction accuracy
is crucial. Since 2019, the PubMed database has reported growing
adoption of the “net benefit” term in healthcare publications (see
Figure 2). The literature suggests utilizing a costs/benefit analysis
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FIGURE 1

ROC curve and its components. (x, y) – maximum value of the Youden index for the ROC curve, d – the shortest distance from the point (0, 1) to the
ROC curve, J – Youden index identification, NB – the net benefit decision threshold.

to calculate the net benefit parameter that would help determine
a decision threshold from the clinical utility perspective both for
doctors and for patients (Singh et al., 2023).

Vickers, Van Calster, and Steyerberg provide a detailed example
of applying the net benefit parameter in the clinical practice
(Vickers et al., 2016), without the use of AI. The paper examines
the application of the net benefit in deciding whether to perform a
prostate biopsy based on elevated prostate-specific antigen (PSA)
levels. This procedure is associated with additional burden (L
– the Losses) for healthcare medical facilities such as surgical
and histological costs, as well as patient discomfort and biopsy-
related risks. The benefit (P - Profits), i.e., the prevented disease,
is calculated from all of these factors. The net benefit parameter
is consistently applied across most publications on this topic.
Fundamentally, the calculations of clinical or economic benefits
(profits and losses) for both healthcare providers and patients
follow the similar approach to the PSA case (Vickers et al., 2019;
Pfohl et al., 2022; Ehrmann et al., 2023). The paper “Calculating and
Interpreting ICERs and Net Benefit” (Paulden, 2020), introduces
two further approaches for calculating the net benefit in healthcare
systems: “net health benefit” and “net monetary benefit.” In
summary, the fundamental principle is to treat an individual i
only if the probability pi of individual i having the disease exceeds
the expected loss (1-pi)∗L. This means that anticipated benefits
outweigh the potential drawbacks (i.e., pi probability (P) > (1-
pi)∗L) (Rousson and Zumbrunn, 2011).

Thus, (1-pi)∗L can used to calculate mathematical expectation
of risks and the treatment costs. The mathematical expectation
represents the weighted average of possible outcomes, where each
outcome is multiplied by its probability and then summed. In

this context, (1-pi)∗L is one of the possible outcomes at a given
probability. As previously noted, L represents the cost or loss (e.g.,
mental stress) associated with an undesirable outcome (such as an
unnecessary prostatectomy) and (1-pi) is the probability of such
outcome occurring. In both scenarios, these calculation parameters
are not applicable to AI. However, in the above-mentioned
publication, the author presents an approach to estimating the net
benefit for AI, suggesting that a surgery can be considered when the
expected benefit exceeds the loss. This requires calculating various
decision thresholds (probabilities) (Formula 1):

pt = L/(L + P) (1)

where P – benefits (profits) from treatment of sick patients, L
– losses from treatment of healthy individuals. In Formula 1, the
probability threshold pt is defined as pt/(1 – pt) = L/P. In other
words, this represents how clinicians or patients judge the relative
harm from false positive and false negative results (Rousson and
Zumbrunn, 2011).

Using probability thresholds, a graphical representation can
be constructed with the net benefit on the y-axis and decision
thresholds on the x-axis (Rousson and Zumbrunn, 2011). This
allows a researcher to visually evaluate the net benefit model and
the selected decision thresholds. The resulting probability is then
used in the net benefit Formula for AI.

This approach is reasonable, given the strong dependence
of the country’s economy on the timely disease diagnosis. For
instance, in the United States, breast cancer mortality (accounting
for one-fifth of all deaths among women over 50) resulted in $84.7
billion in indirect economic losses in 2000 (Radice and Redaelli,
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FIGURE 2

PubMed publications containing the “Net benefit” term in the title.

2003). Further research has shown that these economic losses
persisted over time. By 2015, breast cancer mortality had cost the
United States $8.1 billion (or 0.24% of the annual Gross Domestic
Product). By 2030, this figure will likely remain significantly
high ($7.5 billion USD, 0.14% of the Gross Domestic Product)
(Barchuk et al., 2019). A similar situation is observed in Russia,
China, the UK and other countries. The early diagnosis and
timely treatment of breast cancer are important components of the
country’s economic wellbeing (Pashayan et al., 2018; Wang et al.,
2022). The interpretation of the net benefit parameter in clinical
tasks and its application can vary.

This study aims to develop a methodology for determining
a decision threshold on the ROC curve through net benefit
computation, with the goal of enhancing the utility of AI
applications in patient care by integrating quality metrics to
maximize patient benefit.

In this section, we have highlighted the unique contributions
of our study to the existing body of knowledge. This study
introduces a novel approach to determining the decision threshold
on the ROC curve using net benefit parameter. This method
combines traditional quality metrics in a unique way, enhancing
the applicability and effectiveness of AI in healthcare settings.
Additionally, we outline the practical implications of our
findings, proposing actionable strategies for the implementing our
methodology in clinical setting and applying AI to MMG screening.

Methods

This is a retrospective observational cohort study.
Ethical expertise: The data were obtained from the Experiment

on the use of innovative technologies in the field of computer
vision for the analysis of medical images and further use in the
healthcare system of Moscow [https://mosmed.ai/en/]. This study
was registered in ClinicalTrials (NCT04489992).

This study analyzed data from three AI services participating in
the Experiment.

The dataset comprised 663,606 unsampled digital
mammograms meeting the inclusion criteria, acquired in
Moscow public medical facilities between July 22, 2020 and
December 29, 2022. The data were downloaded from the
Unified Radiological Information Service of the Unified Medical
Information and Analytical System (URIS UMIAS) of Moscow,
the Russian Federation (RF) and de-identified by removing tags
containing personal data using a dedicated software developed by
our organization [http://dicom.nema.org/Medical/dicom/2016d/
output/chtml/part03/sect_C.2.2.html].

Inclusion criteria were female sex and age over 40 years.
This age criterion aligns with the Russian clinical guidelines for
breast cancer screening initiation at age 40 (Pashayan et al., 2018).
This corresponds to the recommendations of the World Health
Organization (2022). Women who underwent mammography at
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TABLE 1 The final sample (number of patients).

Service version Name of the AI service

AI #1 AI #2 AI #3

1 90949 4922 9481

2 212968 43630

3 241445 60211

an earlier age likely had some abnormalities, so including them in
the sample would be unreasonable. Another criterion was literature
data indicating increased risk of breast cancer after 35 years old,
affecting approximately one in eighth women (12% of the female
population) (Kim et al., 2023). The age distribution in the final
dataset was as follows: min 40, max 98, median 59.

The other inclusion criteria were the availability of AI
service’s results and a radiology report. The exclusion criterion
was the absence of BI-RADS classification in the report. The
imaging studies were verified by analyzing text reports using a
natural language processing algorithm. While detailed algorithm
description is beyond the scope of this paper, more details can be
found in Morozov et al. (2020a,b). The BI-RADS scores assigned
by radiologists were converted to binary classification: BI-RADS
4-6 were labeled as “pathology” (1), BI-RADS 1-3 were labeled
as “normal” (0). BI-RADS category 0 was excluded as it indicates
an error in mammographic evaluation. Also, since BI-RADS 3
represents less than 2% chance of malignancy% it was classified
as “normal” (Berg et al., 2020). For each patient in the dataset
we added the binary column “Presence or absence of pathology,”
where 1 indicated “pathology” and 0 indicated “normal.” The class
distribution in the final dataset was as follows: 644,165 patients
(97.1%) were classified as “normal,” while 19,441 patients (2.9%)
were classified as having “pathology.”

Artificial intelligence services

The digital MMGs were processed by three AI services that
generated a pathology probability for each study (Dembrower et al.,
2020; Kim et al., 2020; Salim et al., 2020; Eghtedari et al., 2021;
Pavlovich et al., 2021). For more information about the AI services,
please see the References section. Be advised that their architecture
and core algorithms are trade secrets. During the study, two models
(AI #1, AI #2) experienced three version changes, while one model
(AI #3) had no version changes.

Statistical analysis

Sample size for modeling: a preliminary sample size was not
calculated. The dataset includes all the MMGs processed by the
AI services acquired within the period of interest that match the
inclusion criteria. The MMGs were distributed between AI services
(Table 1).

Statistical analysis: The data analysis was carried out using
Anaconda distribution of Python programming language,

along with pandas, NumPy, matplotlib, and scikit-learn
libraries distributed under the GNU General Public License.
All computations and data visualization were performed in Jupyter
Notebook. The net benefit calculation was performed for each
version of each service. As previously discussed, the standard
formula for net benefit considers ratio of true-positives to the total
number of measurements, adjusted by proportion of false-positives
multiplied by the probability ratio of disease presence vs. absence.
The AI performance was assessed based on its ability to correctly
identify pathology and its propensity for false alarms.

Net benefit

The literature describes the use of the net benefit parameter
to evaluate adjustments to the AI model parameters in the
context of hospital operations or in response to varying clinical
scenarios (Vasilev et al., 2023b). The original formula for net benefit
(Formula 2), proposed by Vickers et al. (2016), considers both the
doctor’s and patient’s perspectives, depending on the AI’s decision
about the presence of an abnormality. Formula 2 provides a logical
link to the probability threshold (pt) from Formula 1, enabling the
classification of cases as “normal’ vs. “pathology.” This classification
accounts for both true-positive and false-positive outcomes. The
formula is as follows:

Net Benefit = TruePositiveCount
n

− FalsePositiveCount
n

×
(

pt

1 − pt

)
, (2)

where pt – decision threshold probability on the ROC curve
that distinguishes the sick (true positives) from healthy individuals
with positive test results (false positives); n – the total number
of measurements. Understanding and applying this formula has
the potential to significantly impact the healthcare industry by
improving diagnostic accuracy and patient outcomes.

This study explores the potential application of the net benefit
concept to adjust the decision thresholds within AI systems, with
the ultimate goal of optimizing patient routing. Specifically, the
aim is to ensure prompt referral of women suspected of having
breast malignancies to dedicated medical professionals. We suggest
using the net benefit parameter to calculate the optimal decision
threshold on the ROC curve, a novel approach not previously
employed. Unlike conventional metrics that evaluate sensitivity and
specificity independently, our net benefit parameter consolidates
these aspects into a unified metric. This approach secures a
more comprehensive assessment of clinical AI performance and
distinguish it from traditional clinical metrics.

We modified Formula 2 to consider only true-positive (TP)
cases (women with breast cancer) and true-negative (TN)
cases (women without breast cancer), excluding false-positive
interpretations. We propose two expressions for calculating net
benefit. The first modification enhances the standard formula to
better reflect the AI’s ability to distinguish between the presence
or absence of pathology. As a result, we obtained the Net Benefit0
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formula (Formula 3):

Net Benefit0 = TruePositiveCount
n

− TrueNegativeCount
n

×
(

p0

1 − p0

)
. (3)

Next, we recalculated the metric to include only false-negative
(FN) (breast cancer undetected by the AI) and false-positive
(FP) (incorrectly detected breast cancer) cases. Thus, the second
modification focused on diagnostic errors most critical for patients
and healthcare systems, which yielded the Net Benefit1 formula
(Formula 4):

Net Benefit1 = FalsePositiveCount
n

− FalseNegativeCount
n

×
(

p1

1 − p1

)
(4)

where p0 – a probability of the ‘normal’ outcome calculated
using Formula 1; p1 – a probability of the ‘pathology’ outcome
calculated using Formula 1; n – total number of measurements.

Using Formulas 3, 4, we plotted a chart containing NetBenefit0
and NetBenefit1 curves for the probability values from the dataset.
Next, we determined a decision threshold by the x-coordinate
of the intersection point between NetBenefit0 and NetBenefit1
curves. The intersection is the optimal threshold that represents the
maximum overall benefit (net benefit). This threshold represents
the balance between identifying true-positive cases and minimizing
false-positives and false-negatives. By achieving this balance, the
diagnostic utility is optimized, considering all potential outcomes.
Specifically, it identifies a threshold where the aggregated benefit
from accurate diagnoses outweighs the risks associated with false
and missed cases. This approach optimizes diagnostic efficacy and
maximizes patient and health outcomes. An example of a chart and
a decision threshold calculation is shown in Figure 3(2).

The net benefit parameter was used to optimize
the classification model by determining the optimal
probability threshold, given the costs and losses associated
with misclassification (equal number of “normal” and
“pathology” classes).

Formulas 3, 4 maximize the net benefit value (since the
intersection represents equality of TP and FP) and minimize the
number of false-negative (FN) observations.

We constructed a confusion matrix for all versions of the AI
models using the decision thresholds derived from the net benefit
parameter and the Youden index. Next, we compared the results
against radiologist-verified ground truth.

Confusion matrix – a fundamental statistical tool for
summarizing the performance of classification algorithm in
machine learning. It generates a spreadsheet of actual vs. predicted
classifications for a comprehensive evaluation of the model’s
accuracy. The matrix consists of four primary components: true-
positives, true-negatives, false-positives, and false-negatives. These
components are used for calculating various metrics, including
precision, recall, specificity, and the F1 score. By analyzing these
metrics, researchers reveal the strengths and weaknesses of their
classification models, facilitating informed decisions on model
selection and optimization strategies.

FIGURE 3

ROC curves and decision threshold. 1 – ROC curve showing
decision threshold derived from Youden index (J) and NetBenefit0
and NetBenefit1 intersection (NB). 2 – Net benefit decision
threshold determined by NetBenefit0 (NB_0) and NetBenefit1
(NB_1) curve intersections. A – AI 1 (version: 3); B – AI 2 (version: 3);
C – AI 3.

Comparisons were made using McNemar’s test. The absence
of statistically significant differences between the services’ results
and the reference was taken as the null hypothesis. An alternative
statistical hypothesis was the presence of statistically significant
differences with a p-value < 0.05.

The McNemar test is a non-parametric statistical method
designed for analyzing paired nominal data. It assesses
whether changes observed between paired samples are
statistically significant.

To evaluate the effect of decision threshold changes on the final
AI outcomes, we calculated the diagnostic accuracy metrics [i.e.,
specificity (Sp), sensitivity (Se), and accuracy (Acc)] for the decision
thresholds using the net benefit parameter and the Youden index.

Sensitivity: The ability of a diagnostic test to correctly identify
sick individuals, calculated as the proportion of true-positives in the
diagnosed population (Formula 5):

Sen = TP
TP + FN

. (5)

Specificity: The ability of a diagnostic test to correctly
identify individuals who do not have a condition, calculated as
the proportion of true-negatives in the diagnosed population
(Formula 6):

Sen = TN
TN + FP

. (6)

Accuracy: The share of true results (both true positives and true
negatives) among all cases, measuring the overall correctness of a
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FIGURE 4

The study design.

diagnostic test (Formula 7):

Acc = TP + TN
TP + TN + FP + FN

. (7)

For a clearer understanding, the study design is illustrated in
the Figure 4.

Results

To evaluate the results, we built ROC curves with two points
representing the decision thresholds calculated using the Youden
index and the net benefit parameter [Figure 3(1)]. Their exact
values and diagnostic accuracy metrics are presented in Tables 2, 3
for each version of each AI service.

As shown in Table 2, specificity, sensitivity, and accuracy vary
with the Youden index. For instance, AI #1 version 3 achieved the
highest accuracy (Youden index = 0.79), with both sensitivity and
specificity reaching optimal values.

For AI #1 version 3, the optimal threshold probability was 0.35.
At this threshold, the algorithm achieved the highest sensitivity,
while maintaining similar levels of specificity and accuracy.

Table 4 presents McNemar test p-values comparing the
radiologist conclusion (Ground Truth) against AI predictions using
both Youden index (J) and net benefit (NB) thresholds.

The AI results differed significantly from the radiologist
interpretations, regardless of the threshold determination method,
while still exhibiting classification errors.

Table 5 presents McNemar test p-values. The
normal/pathology classes assigned using the Youden index
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TABLE 2 AI diagnostic metrics using Youden index (J) threshold values.

Artificial Intelligence service and version

Criterion AI #1 AI #2 AI #3

Ver_1 Ver_2 Ver_3 Ver_1 Ver_2 Ver_3 1

Threshold-J (probability) 0.57 0.78 0.79 0.44 0.42 0.44 0.20

Se∗ 0.53 0.68 0.72 0.58 0.66 0.60 0.68

Sp∗ 0.84 0.81 0.84 0.84 0.76 0.79 0.75

Acc∗ 0.83 0.81 0.84 0.83 0.75 0.78 0.75

∗Se – sensitivity, Sp – specificity, Acc – accuracy.

TABLE 3 AI diagnostic metrics using net benefit (NB) threshold values.

Artificial Intelligence service and version

Criterion AI #1 AI #2 AI #3

Ver_1 Ver_2 Ver_3 Ver_1 Ver_2 Ver_3 1

Threshold-NB (probability) 0.17 0.51 0.35 0.21 0.21 0.19 0.6

Se∗ 0.80 0.88 0.91 0.85 0.84 0.99 0.85

Sp∗ 0.49 0.49 0.48 0.51 0.50 0.50 0.49

Acc∗ 0.50 0.50 0.50 0.52 0.51 0.51 0.50

∗Se – sensitivity, Sp – specificity, Acc – accuracy.

were regarded as the reference. The AI results based on
the net benefit decision thresholds were regarded as an
alternative opinion.

The McNemar test revealed significant differences in
AI classifications between Youden index and net benefit
threshold methods.

Tables 1, 2 demonstrate that our decision threshold method
yielded an increase in mean sensitivity from 64% to 87% and a
decrease in mean specificity from 80% to 49% across all versions
of the three AI services. Possible clinical consequences outweigh
the risk of missing breast cancer, which would be more costly than
retesting after a false-positive result. Using the Russian universal
healthcare rates as an example, we compared the economic
burden from a false-positive algorithm outcome to that of a late
diagnosis scenario. Screening: The cost of a single mammography
acquisition averages 464.96 rubles (US$5.75, at the October 2025
exchange rate). The total cost of breast cancer screening amounts
to 2492.5 rubles (US$30.83). The cost of a follow-up visit for
suspicious abnormalities detected during a regular checkup is 329
rubles (US$4.07). In addition, the cost of follow-up diagnostic
procedures (unavoidable if suspicious abnormalities are detected)
per patient visit is 1,599.8 rubles (US$19.79). Therefore, the
maximum cost incurred by a false-positive algorithmic outcome
is 4,886.26 rubles (US$60.43) (if the diagnosis is not confirmed).
The cost of breast cancer treatment varies across the disease stages:
stage 1 costs 305,131 rubles per patient (US$3,773.81), stage 2
costs 425,564 rubles (US$5,263.31), stage 3 costs 553,038 rubles
(US$6,839.89), and stage 4 costs 545,303 rubles (US$6,744.23),
not considering the socioeconomic impact on the family in the
event of patient’s death. These data are based on breast cancer
diagnosis costs in the Russian Federation published in 2024
(Ignatyeva et al., 2024).

Discussion

Digital mammography for early breast cancer screening is being
widely implemented worldwide (Morozov et al., 2019). Timely
diagnosis and treatment improve patient quality of life and reduce
breast cancer-related mortality (Arzamasov et al., 2023). Early
breast cancer detection is crucial for patient outcomes, national
economies and healthcare systems. Nevertheless, specialists miss
up to 31% of breast cancers on mammograms, which is why this
method involves double reading (Seely and Alhassan, 2018; Taylor-
Phillips and Stinton, 2020). Specialist shortages increase radiologist
workload and report preparation time (Le et al., 2019; Kudryavtsev
et al., 2024). These challenges can be addressed by introducing
AI-powered software into clinical practice and expanding the
respective regulatory framework (Ovsyannikov et al., 2020).

Our previous paper proposed national criteria for classifying AI
as a medical device based on the ROC curve analysis, and outlined
strategies for cancer screening (Arzamasov et al., 2023). For clinical
practice approval, AI developers must provide metrics whose
values depend on the decision threshold for the normal/pathology
classes. Meta-analyses compared sensitivity and specificity of
double reading by radiologists and AI in mammography (Hickman
et al., 2022; Liu et al., 2022). The studies established diagnostic
accuracy criteria (Arzamasov et al., 2023), showing that radiologist’s
sensitivity reaches 67% at the lower limit of the confidence
interval, with specificity ranging from 87 to 100%. Sensitivity and
specificity of AI models were determined based on the Youden
index threshold and found to be comparable to the radiologists’.
Nevertheless, the best AI model demonstrated the lower limit of
the sensitivity confidence interval of 73%, meaning up to 27%
of pathologies remain undetected. Nevertheless, in breast cancer
screening, and given the financial burden presented in the “Results”
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TABLE 4 McNemar test p-values applied to the confusion matrix comparing the radiologist conclusion (Ground Truth) against AI predictions using both
Youden index (J) and net benefit (NB) thresholds.

Artificial Intelligence service and version, p-value

Matrix by criterion AI #1 AI #2 AI #3

Ver_1 Ver_2 Ver_3 Ver_1 Ver_2 Ver_3 1

Decision-making threshold by Youden Index (J)

GT <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Se∗ <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Sp∗ <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Decision-making threshold by Net Benefit (NB)

GT <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Se∗ <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Sp∗ <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

∗Se – sensitivity, Sp – specificity.

TABLE 5 McNemar test p-values: Comparison of the net benefit (NB) confusion matrix vs. the Youden index (J) confusion matrix as Ground Truth (GT).

Parameter AI #1 AI #2 AI #3

Ver_1 Ver_2 Ver_3 Ver_1 Ver_2 Ver_3 1

NB threshold 0.17 0.51 0.35 0.21 0.21 0.19 0.6

p-value <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

section, detection remains the highest priority. While setting the
decision threshold using Youden index yields the highest accuracy
of the machine learning algorithms by establishing the optimal
balance between specificity and sensitivity, this approach is not
what is required for screening. For this scenario, the NB approach
proved to be the most cost-effective. Although the algorithmic
accuracy decreases, the risk of missing breast cancer is minimized,
which is more important given the potential corresponding clinical
outcomes and mortality rate. At the same time, as algorithms evolve
and improve their accuracy (Vasilev et al., 2025), we anticipate that
the rate false positives will decrease, making our method even more
relevant in the future.

This study evaluates the net benefit parameter as a novel
approach for determining the decision threshold for the “normal”
vs. “pathology” classes. It was found that this method triples the
number of FP observations and doubles TP by AI. In addition, FN
decreased by half in comparison with the Youden index thresholds.
This methodology represents a compromise between maximizing
the accuracy of positive findings and minimizing false outcomes.
The focus on increasing TP at the expense of reducing FN leads
to an increase in FP. This occurs because a strategy that prioritizes
positive classes would increase the risk of misclassifying negative
cases. Tables 2, 3 show that both accuracy and specificity of the AI
services are higher where the Youden index threshold is used. In
contrast, sensitivity is always higher with the net benefit decision
thresholds. It should be specified that sensitivity indicates the
model’s ability to identify true-positive cases (TP) (a pathology
presence) among TP and FN.

The FP rate from the net benefit threshold is almost four times
higher than for Youden index. This suggests an overcautious AI
producing more false-positive observations. When calculating the

net benefit decision threshold, the goal was to make AI emulate an
overcautious radiologist.

In mammographic cancer detection screening, sensitivity is
critical for the model applicability. A model that better identifies
TP is more beneficial for patient outcomes, since a disease will not
be missed and medical care will be provided on time. Early cancer
detection contributes to better treatment effectiveness, reduces
mortality and the healthcare burden (Geras et al., 2019).

McNemar test analysis of AI results using both Youden
index and net benefit thresholds (Table 4) showed statistically
significant differences (p-value <0.05) from radiologist
reference values. Similar differences were observed between
the AI results obtained with the Youden index as a reference
vs. the metrics obtained with net benefit thresholds (see
Table 5). Statistically significant differences in the McNemar
test results indicate systematic variations between AI and
radiologist classification strategies. This discrepancy could
be attributed to variations in priorities or prioritization of
different critical errors depending on the task. Given the large
sample sizes in our study (ranging from 4,922 to 241,445 cases
in datasets), the McNemar test achieved very high statistical
power. Consequently, even modest differences in classification
patterns between the two threshold methods and radiologists
resulted in highly significant p-values (all p < 0.0001). To
ensure appropriate interpretation, we report both statistical
significance (Tables 4, 5) and effect sizes (absolute differences in
performance metrics, Tables 2, 3) to distinguish between statistical
and clinical significance.

The study showed that the net benefit decision threshold is
more beneficial when AI is used in medical screening, where
spotting a life-threatening condition is critical. In addition to
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improved TP rate, models using net benefit thresholds show lower
FN rate, reducing missed diagnoses. This approach can be used to
improve classification by optimizing the balance between different
types of errors. However, an increased FP rate can have significant
drawbacks and undesirable consequences. Carefully weighing the
pros and cons when choosing a classification strategy is crucial.
Since there is statistically significant difference between the AI
and the radiologist interpretations, combined with the maximum
net benefit and radiologist’s high specificity (Arzamasov et al.,
2023), double reading is still recommended for digital MMG.
Here, the initial reading may be handled by AI, whereas the
second reading must be carried out by a radiologist to maximize
both sensitivity and specificity. Therefore, the double reading
approach is the most rational. It minimizes costs because only one
radiologist interprets an MMG while the AI replaces the second
specialist. Unlike the maximum sensitivity setting, our method
secures the radiologist’s trust in AI results. Moreover, maximizing
sensitivity substantially increases false-positive rates which could
lead radiologists to disregard AI results entirely. This would
negatively affect both the quality of diagnosis and the integration
of AI into healthcare.

This paper offers a new perspective on determining decision
thresholds for AI services in digital MMG. It also emphasizes the
importance of further application of the net benefit parameter
to AI services in breast cancer screening (Arzamasov et al.,
2023). We suggest that the net benefit approach will facilitate
integration of AI in mammography screening workflows. When
used as a primary reader alongside a human radiologist, AI
significantly enhances diagnostic accuracy in mammography.
This method minimizes the costs associated with unnecessary
consultations, and capitalizes on the unique strengths of
both AI and human expertise. This combination secures
comprehensive evaluation, allowing for a nuanced understanding
and handling of complex cases, ultimately improving patient care
and outcomes.

Despite its advantages, this methodology has limitations,
including model bias (overcautiousness) evidenced by McNemar
test differences from radiologist reference opinions, and increased
false-positive rates. These results are specifically optimized for
mammography screening applications. It is important to keep in
mind that selection of the optimal decision threshold requires
additional research, depending on the task. Further validation of
this methodology using datasets from other medical domains and
populations is essential.

Another limitation of our study is that the very large sample
sizes, while providing robust statistical estimates, resulted in
all McNemar tests yielding p < 0.0001, making it difficult to
distinguish the relative importance of differences across service
versions based on p-values alone. We addressed this by reporting
effect sizes and focusing on clinical interpretation of the magnitude
of differences.

Summary of the main study result:
The net benefit parameter is applicable to configure AI models

used in various fields of radiology (such as mammography). This
approach enables effective binary classification between “normal”
(0) vs. “pathology” classes (1). Unlike the Youden Index, the net
benefit parameter will increase the number of correctly identified
diseases while reducing false-negative results.

Conclusions

This study demonstrated that configuring AI services with the
net benefit parameter significantly improves sensitivity compared
to Youden index, thereby reducing the likelihood of missed
breast cancer.

The proposed method for determining decision thresholds for
AI services can be beneficial in the domains beyond breast cancer
screening. Such configuration can be applied in medical genetics
for detecting rare gene patterns that might be otherwise overlooked
by humans. In psychiatry, AI classification can quickly and
accurately identify patients urgently needing help. In neurological
applications, such as diagnosing neurodegenerative diseases or
acute conditions, AI may require high sensitivity and specificity
despite the boost in false-positives. Thus, the proposed method can
be used in medicine and many other domains that rely on high
accuracy and rapid diagnosis establishment.
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