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Abstract

The purpose of this scientific work is to conduct a comparative
analysis of the diagnostic effectiveness, time, and economic
indicators of deep learning algorithms and expert assessment in the
diagnosis of brain development abnormalities in newborns
according to neuroimaging data from the UNICEF BIGH dataset.
In a retrospective study, 300 ultrasound and MRI scans were used.
Each case was independently analyzed by the U-Net segmentation
model, the EfficientNet classification model, a group of
undergraduate students, and an expert doctor. The diagnostic
accuracy (sensitivity, specificity, Fl-score, Dice coefficient),
average analysis time, and estimated cost for 100 cases were
estimated. The EfficientNet model demonstrated 97% sensitivity
in the binary classification task "norm/pathology", showing a result
comparable to the expert. The U-Net model achieved the accuracy
of segmentation of the ventricles of the brain with a Dice
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coefficient of 0.92. The analysis time of the combined Al pipeline
was 1.8 minutes per case, compared to 13 minutes for an expert
and 24 minutes for a group of students. The estimated cost of
analyzing 100 cases by an expert was 1085 USD, while the cost of
using an Al pipeline was 15 USD. Therefore, by combining the U-
Net and EfficientNet algorithms, it is possible to reach diagnostic
accuracy that is on par with that of an expert while saving a
significant amount of time and money. The most effective
implementation model seems to be a two-stage system in which Al
performs primary screening and quantification, and an expert
verifies complex cases.

Keywords: Neonatal neuroimaging, Artificial intelligence, Deep
learning, Ultrasound of the newborn brain, Diagnosis of brain
pathologies, Cost-effectiveness of diagnosis

Introduction

Early and accurate diagnosis of brain pathologies in newborns
represents a critically important challenge for modern medicine, as
the patient's life prognosis and future quality of life directly depend
on its success (Pindrik et al., 2022; Castets et al., 2024; Guarnera
et al., 2024). The widespread adoption of neuroimaging
techniques, such as transcranial ultrasonography (US) and
magnetic resonance imaging (MRI), has unlocked unprecedented
opportunities for non-invasive visualization of the central nervous
system structures (Fortin et al., 2024; Feferman et al., 2025).
However, this progress is accompanied by significant systemic
challenges. The interpretation of the obtained images requires
exceptional qualifications and experience from the radiologist or
neonatologist, as the neonatal brain possesses unique anatomy and
physiology (Dubois et al., 2021; Hwang et al., 2022; Lagercrantz,
2025). The subjectivity of visual assessment, the inevitable inter-
observer variability, and the increasing workload on specialists
leading to professional burnout constitute substantial limitations of
the traditional diagnostic paradigm. This problem is particularly
acute in regions with a shortage of highly specialized professionals
and in mass screening settings, where the existing model, relying
solely on human resources, becomes economically and logistically
unsustainable (Rener-Primec et al., 2022).
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In response to these challenges, the active integration of artificial
intelligence (AI) technologies has become a logical stage in the
evolution of medicine. Among them, deep learning methods,
demonstrate
revolutionary potential as physician-assistant tools (Gombolay et
al., 2023; Lew et al., 2024; Sullivan et al., 2024). This research
will focus on two key architectures. The first is U-Net, developed
by Olaf Ronneberger, Philipp Fischer, and Thomas Brox in 2015
for biomedical segmentation (Beeche ef al., 2022; Shaukat et al.,
2022; Azad et al., 2024). Even with little training data, this
architecture's distinctive U-shaped symmetric form, which consists
of an encoder and a decoder, makes it perfect for the accurate
delineation of biological structures (Rajamani et al., 2023). Its
application for segmenting brain ventricles, basal ganglia, and the
cerebral cortex enables a transition from subjective visual

particularly  convolutional neural networks,

assessment to precise quantitative metrics, such as ventricular
volume, which is crucial for monitoring hydrocephalus (Johnson
et al., 2021). The second model is EfficientNet, introduced by
Google Al in 2019 (Smith ef al., 2020; Patel et al., 2023). Its key
innovation is compound scaling of the network's depth, width, and
resolution, allowing it to achieve state-of-the-art image
classification accuracy with significant computational efficiency
(Chen et al., 2025; Shih & Chiu, 2025). In our study, EfficientNet

will be used for binary (normal/pathology) and multi-class
classification tasks, identifying specific types of pathological
changes (Sewankambo, 2024; Xu et al., 2024).

The spectrum of neonatal brain pathologies that require early
detection is extensive and variable (Table 1). The most clinically
significant are the consequences of hypoxic-ischemic
encephalopathy (HIE), which is the leading cause of mortality and
disability in term infants (Bonifacio & Hutson, 2021; Russ ef al.,
2021). Early diagnosis of HIE is critical for the timely initiation of
therapeutic hypothermia—the only treatment method to date with
proven efficacy for minimizing neurological sequelae (Khandia ez
al., 2022; Arnautovic et al., 2024). The
intraventricular hemorrhage (IVH) of varying severity is equally
important, especially in very preterm infants (Holste ef al., 2022).
Grade I-11 IVH can be asymptomatic, but progression to Grade I1I-
IV with the development of ventriculomegaly and periventricular

leukomalacia (PVL) leads to severe motor and cognitive

diagnosis of

impairments (Deger et al., 2021). Brain malformations, such as
agenesis of the corpus callosum or polymicrogyria, also represent
threatening conditions; their early detection allows for prognosis
of the child's development and timely initiation of rehabilitation
interventions (Fenton, 2022; Brunelli ef al., 2024).

Table 1. Prevalence of Major Brain Pathologies in Newborns (in the population requiring neuroimaging)

A imat
Pathology Risk Group lf :)e 1;](:;1;111:: Clinical Significance of Early Diagnosis
Intraventricular Hemorrhage (IVH) Preterm infants (< 32 weeks) 20-25% Monitoring the risk of progression,
Grade I-11 development of hydrocephalus
Intraventricular Hemorrhage (IVH) Preterm infants (< 32 weeks) 5.10% High risk of cerebral pglsy (CP), cognitive
Grade III-IV deficit
T infants with a hist f 1-3 1000
Hypoxic-Ischemic Encephalopathy (HIE) erm ar;:'p\g;xi: 1siory 0 livgiinhs Possibility of therapeutic hypothermia
Predictor of spastic diplegia (a fi f
Periventricular Leukomalacia (PVL) Preterm infants 3-5% redictor of spas ICCP)lp egia (a form o
Congenital Malformations (Agenesis of All newborns 05-1% Determining prognolsi.s aTld planning early
Corpus Callosum, etc.) rehabilitation

Despite the impressive successes of Al in a number of medical
fields, its routine integration into neonatal neuroimaging remains
limited. A significant gap in the scientific literature is the lack of
comprehensive studies that combine an assessment of the
diagnostic accuracy of algorithms with a rigorous comparative
analysis of pragmatic metrics, such as time and economic costs.
Most research focuses on technical metrics, leaving out questions
critical for managerial decision-making: How significantly does
Al reduce diagnostic time when scaled to hundreds of studies?
What is the real cost of such analysis, and what is the economic
impact of implementing a hybrid "Al-screening + expert
verification" model?

Thus, the aim of this work is a comprehensive comparison of the
efficacy, speed, and cost of analyzing neuroimaging data from the
UNICEF BIGH dataset using two Al models, a group of trained
senior undergraduate students, and a professional physician.
Conducting such a multifaceted study will not only confirm the
technical viability of the algorithms but also propose a clinically
and economically justified model for their practical application,

which is a crucial step towards personalized and accessible
neonatal care.

Materials and Methods

This study is a retrospective comparative analysis of the diagnostic
efficacy, time expenditure, and economic indicators of various
approaches to assessing neonatal neuroimaging data. The study
protocol was approved by the local ethics committee.

The publicly available UNICEF Brain Imaging for Global Health
(BIGH) dataset was used for this study. A sample comprising 300
neonatal cases was curated from this resource, with each case
including neuroimaging data (transfontanelle US and/or brain
MRI) and corresponding clinical annotations. The inclusion
criteria for the sample were: gestational age from 32 to 42 weeks,
availability of studies with sufficient quality for analysis, and a
verified imaging report.

All images underwent a standard preprocessing pipeline. For US
images, this included histogram normalization to reduce variability
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in brightness and contrast, as well as speckle noise reduction using
non-local means filtering. MRI images were resampled to a
uniform spatial resolution and underwent bias field correction to
minimize magnetic field inhomogeneity artifacts. For MRI studies,
brain extraction (skull stripping) was also performed using
the bet2 algorithm from the FSL package.

All 300 cases were independently analyzed using four distinct
methods. The assessment of an expert physician with over 10 years
of experience in pediatric neuroradiology was adopted as the "gold
standard" for subsequent comparison.

1. Expert Assessment Group: The expert physician analyzed
each case in a clinical DICOM viewer, with access to all
standard tools (window/level adjustment, zoom). The time
from opening the study to issuing the final report was
recorded. The outcome was a structured report indicating the
presence or absence of identified pathologies.

2. Student Assessor Group: A group of four senior medical
students who completed a specialized 20-hour course on the
fundamentals of neonatal neuroimaging under the guidance
of an expert. The students worked independently, and their
report and analysis times were recorded. For the final
comparison, a consensus result was used, obtained when at
least three of the four participants agreed.

3. Algorithmic Group (Model 1 — U-Net): The U-Net
convolutional neural network architecture was used for
semantic segmentation tasks. The model was implemented
using the PyTorch framework. The base architecture was
fine-tuned on our dataset using Dice Loss and the Adam
optimizer. The primary task for U-Net was the precise
segmentation of the lateral ventricles for the quantitative
assessment of ventriculomegaly. Segmentation quality was
evaluated using the Dice Similarity Coefficient (DSC).

4. Algorithmic Group (Model 2 — EfficientNet): The
EfficientNet-B3 model was applied for image classification
tasks. The model was used in a transfer learning regime.
Weights pre-trained on the ImageNet dataset served as the
basis for subsequent fine-tuning on five classes: "normal,"
"intraventricular hemorrhage," "hypoxic-ischemic
encephalopathy," "periventricular leukomalacia," and
"congenital malformation." Categorical cross-entropy was
used as the loss function. Standard metrics were calculated
to evaluate classification performance: accuracy, recall, F1-
score, and the area under the ROC curve (AUC).

To compare diagnostic accuracy, confusion matrices were
calculated for the student group and the EfficientNet model against
the "gold standard." Sensitivity, specificity, and overall accuracy
were calculated for each method. The statistical significance of
differences in proportions was determined using Fisher's exact test.
Cohen's kappa coefficient was used to assess agreement between
methods. Statistical analysis was performed in the R environment
(version 4.2.1).

An approximate cost analysis was performed for every 100 cases.
For the experts and students, the cost was calculated based on the
average hourly wage and the average time spent per case. For the
algorithmic methods, only operational inference costs were
considered, calculated based on the cost of renting a GPU instance
in a cloud service and the average image processing time. The
initial costs of model training were amortized over the entire
volume of studies and were not included in the operational
calculations for large samples (Alhussain et al., 2022; Algahtani et
al., 2022; Khazaal et al., 2023; Rogers et al., 2023; Elerian et al.,
2024).

Model training and inference for deep learning were conducted on
a server with an NVIDIA RTX A6000 GPU, 128 GB of RAM, and
an AMD Ryzen Threadripper 3970X CPU. The software
environment included Ubuntu 20.04 OS, Python 3.9, PyTorch
1.12, and the scientific computing libraries NumPy and SciPy.

Results and Discussion

This section presents a systematic overview and analysis of the
data obtained during the comparative study of the diagnostic
efficacy, time, and economic indicators of various approaches to
neonatal neuroimaging analysis. The results are based on the
assessment of 300 cases from the UNICEF BIGH dataset.

A comparative analysis of diagnostic accuracy against the "gold
standard" (the expert physician's report) revealed significant
differences between the groups. The EfficientNet model
demonstrated high efficacy in the binary "normal/pathology"
classification task, achieving results comparable to the expert
(Table 2). However, its performance in the multiclass
classification of specific pathologies decreased, particularly in the
differential diagnosis of hypoxic-ischemic changes and
periventricular leukomalacia, which share similar visual patterns
on US.

Table 2. Comparative Metrics of Diagnostic Efficacy for the "Normal/Pathology" Binary Classification Task

Method Sensitivity (Recall) Specificity F1-Score Accuracy
Expert Physician (Gold Standard) 1.00 1.00 1.00 1.00
EfficientNet Model 0.97 0.94 0.96 0.95
Student Group (Consensus) 0.85 0.78 0.82 0.81
U-Net Model (Ventriculomegaly Assessment)* 0.99* 0.97* 0.98* 0.98*

*Note: Metrics for U-Net are calculated for the specific task of ventriculomegaly detection (Dice Coefficient = 0.92) and do not represent overall

diagnostic accuracy.

A qualitative error analysis showed that the student group most
frequently misinterpreted normal variants, such as choroid plexus
cysts, as pathological findings, explaining their relatively low

specificity. The EfficientNet model demonstrated systematic
errors on images with significant artifacts from the US transducer
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(Ambardekar et al., 2022; Kitama et al., 2022; Xie et al., 2023;
Ganea et al., 2024).

The recorded time expenditures for analyzing a single case varied
significantly between methods (Table 3). The algorithmic
techniques outperformed the human-involved groups by an order
of magnitude. The EfficientNet model, combined in a pipeline with

Table 3. Average Analysis Time per Case (in minutes)

U-Net, provided a comprehensive report in under two minutes. In
contrast, the student group, despite intensive training, spent almost
twice as long on analysis as the experienced expert, which is
associated with the need for repeated checks and internal
consultations (Ambardekar et al., 2022; Hamid et al., 2022,
Karthikeyan ef al., 2024; Zhou & Dewey, 2024).

Method Data Preparation & Direct Report Total Time

Loading Analysis Generation (Average)
Expert Physician 0.5 10.5 2.0 13.0
Student Group (Consensus) 0.5 18.0 5.5 24.0
EfficientNet Model (Inference) 0.1 0.7 0.1 0.9
U-Net Model (Inference) 0.1 0.8 0.1 1.0
Combined Al Pipeline (EfficientNet + U-Net) 0.1 1.5 0.2 1.8

Cohen's kappa coefficient was calculated to assess the level of
agreement with the "gold standard" (Table 4). A kappa value of
0.95 for the EfficientNet model indicates almost perfect agreement
in binary classification. Conversely, a value of 0.65 for the student

group reflects only substantial agreement, confirming a significant
degree of subjectivity and difficulty in interpreting images without
extensive clinical experience.

Table 4. Method Agreement with the "Gold Standard" (Cohen's Kappa Coefficient)

Method Kappa Coefficient Value Standard Error Level of Agreement
EfficientNet Model 0.95 0.02 Almost Perfect
Student Group (Consensus) 0.65 0.04 Substantial
U-Net Model (Ventriculomegaly Assessment) 0.91 0.03 Almost Perfect

The calculated cost of analyzing every 100 cases revealed
fundamental differences between the approaches (Table 5).
Despite the highest hourly rate, the expert physician was the
second most expensive method due to the high time expenditure.
The student group, with a low hourly rate, was the most expensive

method per 100 cases due to extremely low processing speed. The
combined Al pipeline demonstrated not only the highest speed but
also the lowest cost, which consists solely of computational power
rental expenses (AlAwwad et al., 2022; Bahrawi & Ali, 2023).

Table 5. Estimated Cost of Analyzing 100 Cases (in monetary units, m.u.)

Avg. Time per Total Time for 100 Cases Hourly Rate Cost for 100 Cases
Method .
Case (min) (hours) (m.u.) (m.u.)
Expert Physician 13.0 21.7 50 1085
Student Group (Consensus) 24.0 40.0 15 600
Combined Al Pipeline 1.8 3.0 5 (GPU rental) 15

The conducted analysis clearly demonstrates that the use of deep
learning algorithms, specifically the combination of EfficientNet
and U-Net, achieves diagnostic accuracy comparable to an expert
while simultaneously reducing both time and financial costs by
orders of magnitude. The greatest practical potential lies in
implementing a two-stage model, where the Al pipeline performs
initial screening and quantitative assessment, and the expert
verifies only complex and ambiguous cases, thereby optimizing the
use of highly qualified personnel.

The conducted study demonstrates that the combined use of deep
learning models for segmentation (U-Net) and classification
(EfficientNet) enables the creation of a highly effective tool for
screening brain pathologies in newborns (Abedalla et al., 2021;

Siddique et al., 2022). The obtained results provide a basis for an
in-depth discussion of several key aspects concerning diagnostic
accuracy, clinical applicability, and the economic feasibility of
implementing such systems.

The high sensitivity of the EfficientNet model in binary
classification, reaching 97%, is consistent with the results of recent
studies in this field (Chmiel et al., 2023). For instance, research by
scientific teams dedicated to diagnosing hypoxic-ischemic
encephalopathy on MRI has also shown that convolutional neural
networks can achieve sensitivity exceeding 95%, which is
comparable to the assessment by experienced radiologists
(Wisnowski et al., 2021; Li et al., 2022; Wu et al., 2023).
Similarly, our study revealed that the decrease in accuracy during
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multi-class classification is a systemic problem. This phenomenon
was detailed in a meta-analysis where the authors noted that
overlapping visual features of various neonatal pathologies, such
as early stages of PVL and mild forms of HIE, create significant
challenges for algorithms trained on limited datasets (Al-Murshedi
et al., 2022; Kim et al., 2023). Our observations of model errors
on images with artifacts fully confirm the conclusions drawn by
other authors that robustness to US artifacts remains one of the
main obstacles to the clinical implementation of Al (Cai et al.,
2024; Xie et al., 2024).

The exceptionally high accuracy of the U-Net model in segmenting
the brain ventricles (Dice Coefficient = 0.92) provides further
confirmation of the effectiveness of this architecture for
quantitative morphometry tasks (Wirth et al., 2021). This directly
aligns with the results of studies where the U-Net was used for
automatic measurement of ventriculomegaly in preterm infants
(Largent et al., 2022; Vahedifard et al., 2023). Previous research
has proven a high correlation between automatic and expert
manual measurements (r > 0.94) (Largent ef al., 2022). Our study
adds a substantial argument in favor of automatic segmentation,
not only speeding up the process but also eliminating inter-
observer variability (Gu ef al., 2025).

The significant discrepancy between the conclusions of the student
group and the "gold standard" highlights the fundamental problem
of neonatal neuroimaging's dependence on human experience. The
low kappa coefficient (0.65) and the high rate of false positives
among students are consistent with data from earlier cited studies,
where first-year residents demonstrated less than 70% accuracy in
interpreting neonatal US (Scarpa et al., 2025). This indicates that
even intensive, short-term training cannot replace years of clinical
practice and confirms the potential role of Al as a decision-support
tool for young specialists (Perri ef al., 2023; Zhang & Zhou, 2023).

The time and economic indicators obtained in our study provide
compelling quantitative arguments for the implementation of Al
Reducing the analysis time from 13 minutes to 1.8 minutes per case
represents not merely a statistical improvement but an opportunity
to fundamentally change the workflow in a radiology department.
As other studies on the implementation of Al for triaging CT scans
have shown, even a 30% reduction in time-to-diagnosis
significantly improves departmental performance metrics
(Khandia et al., 2023; Fatima et al., 2024). Our extrapolated cost
of 15 m.u. for analyzing 100 cases using Al makes mass screening
economically feasible, especially in resource-limited settings. This
conclusion is critical for the healthcare system, as, according to
economic modeling, the long-term cost of a missed or delayed
diagnosis of neonatal neurological pathology exceeds the costs of
implementing screening Al systems by orders of magnitude
(Mancha et al., 2023; Branagan et al., 2024).

Based on the totality of the data obtained, we believe that the most
promising model is a hybrid approach where the Al pipeline serves
the function of primary screening and quantitative assessment.
This model allows for the automatic filtering out of up to 80% of
clearly normal studies and directs the expert's attention to the
remaining 20% of cases flagged as pathological or equivocal. A
similar strategy was successfully tested for screening retinopathy

of prematurity and led to a 50% reduction in the workload for
ophthalmologists without compromising diagnostic accuracy
(Morrison et al., 2022; Ramanathan et al., 2023; Moshfeghi, 2024).

Limitations of our study include its retrospective nature and the use
of data from a single source (UNICEF BIGH), which may affect
the generalizability of the results. To verify the conclusions, a
prospective validation study in a real-world clinical setting
involving multiple medical centers is necessary.

In conclusion, the results of our study convincingly demonstrate
that artificial intelligence technologies, specifically U-Net and
EfficientNet models, have reached a level of maturity sufficient for
their integration into clinical workflows as screening and decision-
support tools. Their ability to provide highly accurate, fast, and
cost-effective diagnostics opens new opportunities for improving
outcomes in newborns with neurological pathology, especially in
regions with limited access to highly specialized professionals.

Conclusion

The conducted study has clearly demonstrated that the combined
application of U-Net and EfficientNet deep learning models for the
analysis of neonatal neuroimaging data from the UNICEF BIGH
dataset enables the creation of a highly effective screening tool. A
key finding of our work is the confirmation of the hypothesis that
this approach provides diagnostic accuracy comparable to an
expert radiologist, while simultaneously achieving a manifold
reduction in both time and financial costs.

The results showed that the EfficientNet model can achieve a
sensitivity of 97% in the binary "normal/pathology" classification,
which is fully consistent with trends observed in contemporary
research. This proves that Al is ready to take on the role of a
reliable filter for primary screening.

In turn, the U-Net model confirmed its status as the 'gold standard'
for segmentation tasks, demonstrating a Dice coefficient of 0.92
for delineating the ventricular system. The algorithm's ability to
provide precise quantitative metrics paves the way for the objective
monitoring of condition progression, such as ventriculomegaly.

The most compelling arguments in favor of Al implementation
were provided by the economic analysis. The reduction of analysis
time from 13 minutes to 1.8 minutes per case and the calculated
cost reduction by a factor of 72 compared to an expert and 40
compared to the student group, transform Al from a technological
innovation into a tool for healthcare economic optimization.

Therefore, the evidence-based recommendation of our study is the
implementation of a two-stage hybrid "Al-screening + expert
verification" model. In the first stage, the combined Al pipeline
performs a rapid and accurate primary analysis, automatically
confirming normal cases and selecting those with pathologies. In
the second stage, the expert physician focuses their efforts
exclusively on complex and equivocal cases, verifying and refining
the diagnosis. This approach not only alleviates the burden on
highly qualified personnel but also minimizes the risk of missing
pathologies, ensuring timely intervention.
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Future research prospects involve conducting prospective, multi-
center trials to validate the proposed model in real-world clinical
settings, as well as the development and integration of Explainable
Al (XAI) systems. These systems would enhance clinicians' trust
in algorithmic decisions by making the "black box" process
transparent and interpretable.
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