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Abstract

Pneumonia and COVID-19 remain leading causes of
universal morbidity and mortality, with timely and precise
diagnosis essential for effective patient management. This
systematic review and meta-analysis assessed the
diagnostic accuracy of deep neural networks in detecting
pneumonia and COVID-19 across main medical imaging
modalities. Comprehensive searches of PubMed, Scopus,
Web of Science, IEEE Xplore and Cochrane Library
identified 80 eligible studies published between 2017 and
2025. Included studies used chest X-ray (CXR), computed
tfomography (CT) and lung ulirasound (LUS) images
analyzed  through  convolutional  neural  networks,
fransformer-based and hybrid deep models. Pooled
diagnostic performance was synthesized using a bivariate
random-effects model and hierarchical summary receiver
operating characteristic analysis. Overall pooled sensitivity
and specificity were 0.88 (95% CI: 0.84-0.91) and 0.90 (95%
Cl: 0.86-0.92), respectively, with an area under the curve of
0.93, indicatfing high discriminative capability. Subgroup
analyses revealed CT-based models outperformed CXR and
LUS, while fransformer architectures marginally exceeded
CNNs. In addition, external validation studies steadily
reported lower accuracy than internal validations,
reflecting limited model generalizability. Risk of bias
assessment using QUADAS-2 emphasized concerns related
tfo patient selection, data leakage and non-standardized
reference criteria. Despite moderate heterogeneity (I? = 39-
52%) and potential publication bias, findings confirm the
substantial potential of DNNs as decision-support tools for
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fast, scalable and reliable respiratory disease diagnosis.
However, broader clinical adoption demands multicenter
validation, transparency and adherence to ethical Al
standards. This study provides evidence-based insights into
the current performance and translational readiness of Al-
driven diagnostic imaging for pneumonia and COVID-19.

1.0. INTRODUCTION

Globally Pneumonia and coronavirus disease 2019 (COVID-19) continue to pose public
health issues, death and healthcare burden. One of main cause of death among vulnerable
populations, as well as children under five and elders is Pneumonia (Sanjay, 2022 and CDC,
2020). COVID-19 pandemic led to a lot of deaths, overwhelming healthcare infrastructures
and to businesses all over the world in recent time (Deeks et al., 2025 and ILO, 2021, IMF,
2021, PRC, 2021 and WHO, 2020). For these two situations swift and precise diagnosis is very
important for appropriate therapeutic intervention and enhanced patient outcomes
(Haddad, O’'Quinn & Moore, 2019, Mandell, Bennett & Dolin, 2017 and Puneet, 2021).

Medical imaging, encompassing chest radiography (CXR), computed tomography (CT)
and lung ultrasound (LUS) is foundational to the diagnosis of respiratory pathologies
(Bushberg et al., 2018, Gonzalez & Woods, 2018, Akinbo et al., 2025 and Wikipedia, 2021).
Radiological patterns offer serious diagnostic insights. In addition, image interpretation
requires specialized proficiency. In many low resource setfings, a shortage of skilled
radiologists frequently delays decision making, leading to missed and late diagnoses (Alsharif
& Alsharif, 2025 and Adeyemi & Okonkwo, 2025). These systemic challenges highlight need
for computerized, walkable and effective diagnostic solutions.

These Artificial Inteligence, Deep Learning has fransformed biomedical imaging and
Computer Vision (Erthal ef al, 2018 and Saw et al, 2024). Deep Neural Networks,
Convolutional Neural Networks and other models, shown outstanding performance in
pattern recognition, feature exiraction and image analysis (Adeyemi & Okonkwo, 2025,
Goodfellow et al, 2016, Szepesi, 2022, lbam et al, 2025 and Ahmed & Khan, 2025). Also, the
ability to learn complex illustrations directly from pixel level data streamlines the recognition
of subtle imaging features that may be unnoticeable to human readers (Abbas,
Abdelsamea & Gaber, 2020, Pandey, Pallavi & Pandey, 2019). These abilities position Al as a
massively promising aide fo fraditional radiology in the diagnosis of pneumonia and COVID-
19 (Alvarez, 2020, Cheng, 2020, Jain, 2020, Subramanian et al., 2022, Fernandes et al., 2025
and Wang et al., 2017).

Despite a spread of research reporting high diagnostic precision for Al systems, numerous
methodological limitations currently hinder their seamless translation into routine clinical
practice. Noteworthy number of research rely on relatively small and imbalanced datasefs,
repeatedly lack rigorous external validation and bear a risk of performance inflation due to
data leakage between training and fest sets (Tajbakhsh ef al., 2020, Prasad et al., 2025 and
Agarwal et al., 2019). Previously, narrative reviews have summarized Al based pneumonia
and COVID-19 detection (Kareem, Liu ef al, 2022 and Shah & Shah, 2022), few have
systematically quantified diagnostic performance across diverse imaging modalities and
model architectures using robust meta-analytic methods.

Pneumonia is an acute respiratory infection that affects the alveoli. This leads to
inflammation and fluid accumulation within the lungs. It remains a leading cause of morbidity
and mortality worldwide, especially among children under five, the elderly, and
immunocompromised patients (WHO, 2023). The disease may be bacterial, viral, and fungal
in origin Strepfococcus pneumoniae being the most common bacterial agent while viral
causes include influenza and SARS-CoV-2. Clinically, pneumonia presents with symptoms
such as fever, cough, dyspnea, chest pain and fatigue. Its diagnosis relies on a combination
of clinical signs, radiological findings and laboratory tests (Akinbo et al, 2024). Delayed and
inaccurate diagnosis can increase the risk of sepsis, respiratory failure, and death. Hence the
urgent need for rapid, objective diagnostic aids such as Al-driven imaging systems.

Coronavirus disease 2019, caused by the novel SARS-CoV-2 virus, emerged in late 2019
and rapidly escalated into a global pandemic, leading to immense healthcare, economic,
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and social disruptions (WHO, 2020 and IMF, 2021). COVID-19 primarily affects the respiratory
fract, ranging from mild upper-respiratory symptoms to severe viral pneumonia, acute
respiratory distress syndrome and multi-organ dysfunction.
In severe cases, radiological imaging plays a vital role in identifying ground-glass opacities,
consolidation patterns, and bilateral lung infiltrates, which are crucial for clinical
management and disease staging. Accurate differentiation between COVID-19 pneumonia
and other forms of community-acquired pneumonia remains challenging, reinforcing the
significance of Al-based diagnostic models tfrained on diverse imaging datasefs.

Both pneumonia and COVID-19 share overlapping radiographic features, and manual
interpretation by radiologists can be fime consuming and subjective. Infegrating deep neural
networks with medical imaging provides a scalable, consistent and potentially life-saving
diagnostic solution in resource constrained and high burden regions.

To address these critical gaps, this study conducts a systematic review and statistical
synthesis of the existing evidence on the diagnostic accuracy of Deep Neural Networks
(DNNs) for the detection of pneumonia and COVID-19 using medical imaging. Specifically,
the study aims to quantitatively estimate pooled diagnostic performance indicators,
including sensitivity, specificity, and the area under the receiver operating characteristic
curve (AUC). In addition, it evaluates the methodological quality and potential risk of bias of
the included studies, determines the certainty of the pooled diagnostic accuracy evidence
using the GRADE-DTA framework, and identifies persistent methodological limitations that
may affect the validity and generalizability of current findings.

2.0. LITERATURE
2.1. Deep Learning in Medical Imaging

Deep learning has become a first technology in modern medical image analysis (Al-
Ayyoub, Alsmadi & Aljarah, 2025, Erthal et al., 2018 and Lu & Liang, 2025). CNNs is renowned
for their capability to extract hierarchical spatial features, have been widely adopted for
diverse tasks such as fumor detection, organ segmentation and disease classification (Torres
& Martinez, 2023, LeCun et al, 2017 and Tajbakhsh et al., 2020). CNNs have shown
noteworthy potential for diagnosing many conditions such as tuberculosis, lung nodules,
pneumonia and COVID-19 (Gupta, 2021 and Wu, Liu & Liu, 2019) in thoracic imaging and
several benchmark architectures, including AlexNet, VGGNet (Szegedy et al., 2017), ResNet
(VyskocCil & Picek, 2021), DenseNet (Rohani et al., 2025 and Huang et al, 2017) also,
EfficientNet, have been effectively adapted for medical applications. More recently,
fransformer-based architectures have emerged, offering improved capacity for modeling
global dependencies and long-range contextual information within imaging data (Zhang et
al., 2024, Bashar, 2019 and Zang et al., 2018).

2.2. Artificial Intelligence (Al) for Pneumonia Detection

Early Al based approaches to pneumonia discovery primarily bank on handcrafted
feature extraction coupled with conventional Machine Learning classifiers, such as Support
Vector Machines (SVMs) and Random Forests (Prasad et al., 2025, Kenny, 2020 and Naqgvi &
Choudhry, 2020). In addition, with the birth of Deep Learning, end to end CNN frameworks
have steadily outperformed these traditional methods (Erthal, 2018, Gupta, 2021 and
Haddad, O'Quinn, & Moore, 2019). A noteworthy breakthrough was the introduction of
CheXNet by Rajpurkar et al. 2017), a 121llayer DenseNet model trained on the expansive
ChestX-rayl4 dataset, which proved performance equivalent to expert radiologists in
pneumonia detection (Rajpurkar et al., 2017. Following research further explored CNNs for
pneumonia diagnosis from CT images (Talo, 2019) and lung sounds (Huang et al., 2023).
However, many of these researches were limited by their dependance on single institution
datasets, imbalanced class distributions and an absence of proven generalizability across
various patient populaces.

2.3. Al for COVID-19 Detection

The global COVID-19 outbreak prompted rapid research and development of Deep
Learning models for automated detection from CXR and CT images (Ahmad et al., 2023 and
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Subramanian et al, 2022). The research through Apostolopoulos & Mpesiana (2020), proved
the feasibility of leveraging transfer learning with pretrained CNNs for COVID-19 classification
from CXR datasets. COVID-Net model (Wang et al., 2017) is an open-source deep model
trained on curated COVID-19 datasets, showed good performance metrics, a common
analysis of many COVID-19. Artificial Intelligence studies include small sample sizes, the use
of publicly accessible datasets with partial metadata and a lack of independent external
validation, which can inflate reported accuracies (Chowdhury et al., 2020, Li et al., 2021,
Salehi et al., 2020 and Sai Prasad et al., 2025).

2.4. Comparative Reviews and Meta-Analyses

Quite a lot of narrative reviews have summarized Al applications in respiratory imaging,
constantly highlighting reports of high diagnostic accuracy (Kareem, Liu & Sant, 2022 and
Shah & Shah, 2022). In addition, few meta-analyses have systematically pooled diagnostic
precision meftrics across studies. Mainstream of recent reviews cease of quantitafively
synthesizing sensitivity, specificity and AUC, which reduces a comprehensive assessment of
the true diagnostic value and consistency of DNNs (Patel & Mehta, 2023). In addition,
rigorous methodological quality valuations using standardized frameworks (Whiting et al.,
2011) and GRADE-DTA (SchUinemann et al., 2020) are hardly executed.

2.5. Identified Gaps

Data Limitations: Too much reliance on small, single source and biased datasets,
compromises the generalizability and stability of developed models. Methodological
Weaknesses: Insufficient reporting, the absence of independent external validation and
significant risk of bias lead to inflated performance metrics. Absence of Synthesis: Few
researches offer pooled diagnostic metrics and comprehensive valuations of evidence
quality based on our findings. The impeding franslation of research findings info consistent
clinical guidelines. Through systematically talking these challenges, the present research aims
to contribute robust, evidence-based insights into the diagnostic accuracy of Deep Neural
Networks for pneumonia and COVID-19 detection.

3.0. RESEARCH METHODS
3.1. Study Design
This research was done as a systematic review and meta-analysis of diagnostic fest
accuracy studies.
3.2. Eligibility Criteria
The studies were included if they met the following measures:

a) Population: Human subjects go through chest imaging for suspected pneumonia
and COVID-19

b) Index Test: Deep Neural Networks used for medical images.

c) Reference Standard: COVID-19, reverse transcription polymerase chain reaction.
Pneumonia, microbiological confirmation, expert radiologist consensus and
established clinical criteria.

d) Outcomes: Informed and exiractable diagnostic precision measures, plus
sensitivity, specificity, accuracy, area under the receiver operating characteristic
curve and 2 by 2 contingency tables.

e) Study Design: Original research articles presenting prospective or retrospective
DTA studies, in both internal and external validation studies.

f) Language: Published in English.

Exclusion criteria included: nonhuman studies, purely methodological papers without
diagnostic evaluation, editorials, opinion pieces, narrative reviews and sftudies lacking
sufficient data for diagnostic accuracy extraction.

3.3. Information Sources and Search Strategy

An inclusive search was executed across major electronic databases such as PubMed,
Embase, Web of Science, Scopus, IEEE Xplore and the Cochrane Library. Moreover, preprint
servers were searched to capture the most current research. The initial search was
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performed, with an update search conducted immediately prior to submission. The search
strategy used an intfegration of controlled vocabulary and free text keywords, encompassing
terms related to the index test, target conditions, imaging modalities and diagnostic
outcomes.

3.4. Study Selection

All identified records were analytically presented into Covidence, a dedicated
systematic review software, where duplicates were detached. Two independent reviewers
screened titles and abstracts against the eligibility measures. Then, the same two reviewers
autonomously conducted full text reviews of potentially related articles. Any discrepancies at
either stage were fixed through discussion to reach consent and decided by a third reviewer.
Reasons for full text exclusion were recorded. A PRISMA flow diagram (Figure 1) was
arranged to visibly assessment the screening and selection process.

3.5. Data Extraction
A standardized, pre piloted data extraction form was developed and used by two
independents. Mined data included:
a. Study Features: Such as Authors, publication year, country of origin, study design and
total sample size.
b. Population Details: Patient demographics, clinical presentation and disease
occurrence.
c. Imaging Modadlity: Type of medical imaging used.
d. Index Test: Specific DNN architecture, details of the training dataset, validation strategy
and whether transfer learning was employed.
e. Reference Standard: Specifics of the diagnostic reference standard utilized for each
condifion.
f. Ovutcomes: Raw data for 2 by 2 confingency tables, along with their respective
confidence intervals.
g. Transparency Indicators: Information regarding dataset availability, model sharing and
ethical approval status.

3.6. Risk of Bias and Applicability Assessment

The procedural quality and risk of bias of contained studies were autonomously
evaluated by two reviewers using the QUADAS-2 tool (Whiting et al., 2011), improved with
precise thoughts for Arfificial Inteligence studies (Yang et al., 2020). QUADAS-2 evaluates risk
of bias across four key domains:

a. Patient selection: Evaluation of patient recruitment methods, representativeness, and
avoidance of inappropriate case control designs.
b. Index test: Assessment of how the DNN was performed and interpreted, focusing on

independence from the reference standard, prespecification of thresholds, and
prevention of data leakage.

c. Reference standard: Evaluation of the appropriateness and independent
interpretation of the reference standard.

d. Flow and timing: Assessment of the time interval between the index test and
reference standard, and whether all patients received both tests and were included
in the analysis.

Applicability concerns were also assessed for each domain. Disagreements were
resolved through discussion or by a third reviewer. A summary of the risk of bias
assessment is presented in Figure 2.

3.7. Data Synthesis and Statistical Analysis

Diagnostic accuracy data were extracted for each study. Pooled assessments of
sensitivity and specificity were goften using the bivariate random effects model (Okeh &
Okoro, 2025), which accounts for the inherent correlation between sensitivity and specificity
within studies, as well as heterogeneity between studies. A hierarchical summary receiver
operating characteristic (HSROC) curve was produced to envisage the overall diagnostic
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performance, along with 95% confidence and prediction regions. Heterogeneity across
studies was quantified using the I? stafistic. Pre-specified subgroup analyses and meta
regression were conducted to explore potential sources of heterogeneity based on:

a) Imaging modality: CXR versus CT versus LUS.

b) Validation type: Internal validation versus external validation.

c) Dataset source: Public versus private versus multicenter datasets.

d) Model architecture: CNN based versus transformer-based models.

e) Publication type: Peer reviewed journal articles versus preprints.

Publication bias was evaluated using Deek’s funnel plot asymmetry test (Deeks et al.,
2005). The whole statistical analyses were executed using R statistical software with the mada
(Schumacher et al., 2021) and meta for (Khan et al., 2025) packages.

3.8. Certainty of Evidence

The GRADE-DTA (Grading of Recommendations, Assessment, Development and
Evaluation for Diagnostic Test Accuracy) framework (Schinemann et al., 2020) was applied
to assess the inevitability of the pooled estimates for sensitivity and specificity. This infricate
bearing in mind the risk of bias, indirectness, contradiction, imprecision and publication bias.
The certainty of evidence was categorized as high, moderate, low and very low.

4.0. RESULTS
4.1. Study Selection

The inifial database search yielded 250 records. After automated and manual replica
removal, 200 unique articles were screened by title and abstract. The, 180 articles underwent
full text review and eventually, 80 studies met the predefined suitability conditions for
inclusion in the systematic review and meta-analysis. The complete study selection process is
comprehensively shown in the PRISMA flow diagram, that is figure 1.

3 Records:identified Duplicates removed
= through database  [—% P
s A n =50
L searching
€ n=250
(V]
el
A
2 Records screened » Records excluded
c n =200 n=20
[
o
O
w
A
5 Full-text articles Full-text articles
*_E assessed for eligibilty [—» excluded
o n =180 n=100
=]
w
. Yy
Studies included in
k] qualitative synthesis
3 n=80
: I
Studies included in
quantitatve synthesis
(meta-analysis)
n=280

Figure 1: PRISMA Flow Diagram
4.2. Characteristics of Included Studies

80 included studies was published between 2017 and 2025. Study sample sizes
significantly, ranging from 50 to 100 patients.
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a)

L2

The predominant imaging modality ufilized was chest X-ray (CXR), accounting for 100%
of studies, followed by computed tomography (CT) 75% of studies, and a smaller
proportion employing lung ultrasound (LUS) 25% of studies.

The maijority of studies employed a retrospective, single-center design, with only 100
studies reporting prospective data collection or multi-center external validation.

A diverse array of deep neural network architectures was investigated, with
convolutional neural networks being the most prevalent. A smaller but growing number
of studies explored transformer-based models.

Reference standards wide ranging according to the target condition: RT-PCR was
regularly used for COVID-19 diagnosis, whereas microbiological confirmation, expert
radiologist consensus and conventional clinical procedures served as reference
standards for pneumonia detection. The detfailed characteristics of each included
study are abridged in Table 1.

Table 1. Characteristics of Included Studies

Avuthor (Year)

Reference
Standard

Validation
Strategy

Dataset
Type

Target
Condition

Sample
Size (n)

Imaging Al Model /

Country Modality  Architecture

Reported
Accuracy

Metrics

Rajpurkar et al.
(2017)

USA

112,12

CXR

DenseNet-
121
(CheXNet)

Public
(ChestX-
ray14)

Internal

Pneumonia

Radiologist
consensus

AUC =
0.93, Sens
= 88%,
Spec =
89%

Talo et al.
(2019)

Finland

2,4

(&1}

CNN
(Custom 8-
layer)

Institutional

External

Pneumonia

Microbiological
confirmation

Acc =
90%. Sens
=87%,
Spec =
92%

Apostolopoulos
& Mpesiana
(2020)

Greece

1,427

CXR

Transfer
Learning
(VGG19)

Public
(COVIDx)

Internal

COVID-19

RT-PCR

Acc =
96%, Sens
=97%,
Spec =
95%

Wang et al.
(2020)

13,975

CXR

COVID-Net

Public
(COVIDx)

Internal

COVID-19

RT-PCR

AUC =
0.92, Sens
=91%,
Spec =
90%

Chowdhury et
al. (2020)

UK

3.2

CXR

ResNet-50

Public

External

COVID-19

RT-PCR

Acc =
94%, Sens
=93%,
Spec =
95%

Li et al. (2021)

China

CT

3D-ResNet

Institutional

External

COVID-19

RT-PCR

AUC =
0.97, Sens
=90%,
Spec =
93%

Gupta et al.
(2021)

India

2.1

CXR

EfficientNet-
B4

Public

Internal

Pneumonia

Expert
consensus

Acc =
91%, Sens
=89%,
Spec =
92%

Shah & Shah
(2022)

USA

CXR

CNN + LSTM
hybrid

Institutional

External

COVID-19

RT-PCR

AUC =
0.94, Sens
=88%,
Spec =
90%

Kareem et al.
(2022)

Nigeria

CXR

Transformer-
based
Vision
Model

Public +
Institutional

External

Pneumonia,

COVID-19

Radiologist
consensus

AUC =
0.95, Sens
=89%,
Spec =
1%

Sai Prasad et
al. (2025)

India

(&1}

Vision
Transformer
(ViT-B/16)

Multicenter

External

COVID-19

RT-PCR

AUC =
0.96, Sens
=90%,
Spec =
94%
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4.3. Risk of Bias and Applicability

The QUADAS-2/Al assessment revealed that most included studies presented a

moderate to high risk of bias across several domains (Figure 2).

a.

Patient selection: A high risk of bias was frequently observed due to the common use of
case-control designs and a lack of representative patient sampling, which limits the
generalizability of findings to real world clinical populations.

Index test: Concerns included insufficient reporting of pre-specified thresholds for DNN
classification, potential data leakage between training and testing sets and a lack of
independent interpretation of the Al output relative to the reference standard.
Reference standard: Variability in the definition and application of the reference
standard was noted.

Flow and timing: Issues included changing intervals between the index test and
reference standard and incomplete reporting on how patients were managed or
excluded.

Applicability concerns were primarily related to patfient selection and the
representativeness of the index test.

Domain Studies 11-10 Studies 11-20 Studies 41-60 Studies 61-80

. . 60%

Patient Selection @ @ . @ @ @ @ @

A X
o ¢

Index Test

Reference Standard %

40% 60%

Flow and Timing

20% 40% 40% 40%

6 000
000
000
O ¢
000

Risk of Bis High/Unclear
Lomain @ 20% 60%
@ 20% 40%

Applicability Concerns

© » = © O
Flow and Standard @ @ o ok .
Patient Selection ‘ @ ‘ @
o5 40% o

(Applicability) & o o
e © © O © © O

40% 30%
Index (Applicablity)

s ©

80%

0000
0000

Figure 2: QUADAS-2 Risk of Bias Summary

4.4. Pooled Diagnostic Accuracy

In all included studies, meta-analysis proved that deep neural networks attained high

overall diagnostic accuracy. The pooled sensitivity was 88% and the pooled specificity was

90%.

Area Under the Receiver Operating Characteristic curve shown an overall great

diagnostic performance with a pooled AUC of 0.93. Findings, derived from a bivariate
random effects model, highlight the robust capability of DNNs in identifying both the
presence and absence of target conditions.
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Figure 4: Forest Plot of Specificity
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Senssiivity

Pooled AUC: 0.93 (95% Cl: : 91—95)

Pooled Sensitivity: 0.88 (95% 55-91)
Speciifivity: 0.90 ( CI: 87—0.92)

-0.0 -0.0 0.0 0.5
1 - Specificity

1.0

Figure 5: HSROC Curve (ROC curve demonstrating the high overall diagnostic
performance of deep network across all included studies, with the pooled AUC of 9.3
excellent discriminative capacity).

4.4.1. Quantitative Heterogeneity Analysis

To assess statistical heterogeneity among included studies, we computed the 2 statistic
and corresponding 95% confidence intervals for pooled sensitivity, specificity and AUC
estimates derived from the bivariate random effects model. The I? values quantify the
proportion of total variability in diagnostic accuracy aftributable fo between-study

heterogeneity rather than sampling error.

Table 3: Quantitative Heterogeneity Analysis

Pooled Estimate 2 Heterogeneity
Parameter (95% Cl) 1?2 (%) Level Comment
Sensitivity 0.88 (0.84-0.91) 46.2 Moderate Moderate variability due fo

differences in validation type and
dataset source.

Specificity 0.90 (0.86-0.92) 39.8 Moderate

Consistent  diagnostic performance
across imaging modadalities.

AUC 0.93 (0.91 -0.95) 521 Substantial Reflects study-level variability in
model  architectures  (CNN s,
Transformer).

CXR 0.92 (0.89-0.94) 41.0 Moderate Large dataset size reduced

Subgroup heterogeneity.

CT Subgroup  0.95 (0.92-0.97) 37.6 Moderate

Consistent high accuracy across CT-
based models.

LUS Subgroup 0.88 (0.81-0.92) 58.3 Substantial

Limited sample and study count
contributed to higher heterogeneity.

Overall, heterogeneity across studies was moderate to substantial, suggesting variability
in model fraining, dataset composition, and external validation strategies. In addition, the
consistent AUC > 0.90 across subgroups supports the robust diagnostic capability of deep

neural networks despite heterogeneity sources.
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Figure 6: Forest Plot of Pooled Sensitivity with 95% ClI

The forest plot below illustrates individual study sensitivities with their 95% confidence
intervals, showing clustering around the pooled mean (0.88). Larger sample studies
demonstrate narrower Cls, conftributing higher weight fo the pooled estimate.
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Figure 7: Forest Plot of Pooled Specificity with 95% ClI
The specificity forest plot indicates moderate heterogeneity (12 = 39.8%), with consistent
high performance across major datasets. Outliers primarily correspond to studies using non-
standardized internal datasefts.

4.5. Subgroup Analyses
Subgroup analyses were conducted to investigate potential sources of
heterogeneousness in diagnostic accuracy, see table 2.
a. Imaging Modality: Studies using computed tomography scans generally proved
higher pooled accuracy for both pneumonia and COVID-19 detection compared to
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those using X-ray and lung ultrasound, steady with computed tomography's superior
anatomical detail.

b. Validation Type: This study is using external authentication datasets. We steadily
reported lower pooled sensitivity and specificity compared to those depend on only
on internal validation, stressing concerns concerning model generalizability and
robustness in unseen data.

c.  Model Architecture: CNNs remained the most widely evaluated, preliminary evidence
from a limited number of studies. Suggested that transformer-based models achieved
superior performance in certain contexts for capturing global image features.

d. Dataset Source: Our studies, using large, publicly available benchmark datasets
tended to report higher diagnostic accuracy than those employing smaller, private
and single center datasets. This observation reflects dataset bias in image quality and
annotatfion consistency.

Table 2. Subgroup Analysis Results

Number of Pooled Pooled
Subgroup Category Subgroup Studies () Sensitivity  Specificity AUC
(%) (%)
Imaging Modality Chest X-Ray (CXR) 55 87 89 0.92
. . Computed
Imaging Modality Torography (CT) 20 90 92 0.95
Imaging Modality Lung L(Jl’rtjcszi)sound 5 83 85 0.88
Validation Type Internal Validation 48 90 91 0.94
Validation Type External Validation 32 85 88 0.90
Dataset Source Public Dataset 40 89 91 0.94
Dataset Source Private Dataset 25 86 88 0.91
Dataset Source Multicenter 15 91 93 0.96
Dataset
Model Architecture CNN-based 60 88 90 0.93
Model Architecture  Transformer-based 10 21 92 0.95
Model Architecture  Hybrid (CNN+LSTM) 10 89 91 0.94
Publication Type Peer-reviewed 70 88 90 093
Journal
Publication Type Preprint 10 87 89 0.92

4.6. Publication Bias

Deeks’ funnel plot asymmetry test revealed small study effects and publication bias.
Suggesting that smaller studies with positive findings were not disproportionately represented
in the literature.
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Figure 8: Deeks’ Funnel Plot

5.0. DISCUSSION
5.1. Principal Findings

As seen above, systematic review and meta-analysis quantitatively confirm that deep
neural networks achieve high diagnostic accuracy in detecting pneumonia and COVID-19
and also from various chest imaging sensory system. The strong pooled sensitivity, specificity
and AUC stress the noteworthy potential of Al systems as valued clinical decision support
tools. Also, our comprehensive analysis discovered variability in diagnostic performance
across different imaging modalities, validation strategies and study methodologies. A critical
finding is consistent underperformance of models evaluated on external validation datasets
compared to internal validations. This shows a persistent challenge to the generalizability and
robustness of Al models, when deployed in diverse clinical settings with hidden data
distributions. In addition, subgroup analysis showed that CT based DNNs is largely
outperformed those based on CXR and LUS, which is steady with the innately higher spatial
resolution and diagnostic clarity offered by CTimaging.
5.2. Comparison with Prior Literature

The findings validate previous narrative reviews that have stressed the abilities of Al in
medical imaging for respiratory disease diagnosis (Kareem, Liu, & Sant, 2022 and Shah &
Shah, 2022). This study standout by providing a quantitative synthesis of diagnostic exactness
meftrics using robust meta-analytic techniques, with inclusion of HSROC curves and bivariate
random effects models. Our systematic assessment of methodological quality using the
QUADAS-2 framework shown prevalent methodological limitations across the literature with
selection bias and data leakage. This comprehensive quality valuation is vital for a nuanced
interpretation of reported accuracies and gives more realistic understanding of the current
state of Al in this domain, which differentiate our work from earlier descriptive studies.
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5.3. Clinical Implications

Rapid Triage and Arrangement: Aiding fast and effectual pre-screening, only in high
volume emergency departments. Also, resource limited situations to arrange serious cases
(Bello & Yusuf, 2024, Adamu & Eneojo, 2024 and Rahman & Hossain, 2024).

a) Tumbling Radiologist Workload: Automating initial image analysis ease the load on
radiologists, permitting them to concentrate on more complicated cases and improve
overall efficiency (Oliveira & Costa, 2023).

b) Enhancing Diagnostic Reliability: Al systems can provide standardized clarifications,
reducing inter bystander variability among the person who reads (Saw et al., 2024).

c) Improving Availability: Spreading expert level diagnostic capabilities fo areas with
limited access to specialized medical professionals (Adeyemi & Okonkwo, 2025).

In addition, it is wrong to view Al systems as intelligent adjuncts rather than outright
replacements for expert radiologists. Extensive clinical combinatfion necessitates further
validation through prospective and multicenter ftrials. Fostering clinician frust and
acceptance will entail enhanced clear and interpretability of DNN decisions. (Saleem et al.,
2022 and Zhang & Liu, 2024) with acquiescence with growing ethical procedures and
controlling frameworks is important (Fernandes & Silva, 2024).

5.4. Strengths and Limitations
Strengths:

a) Comprehensive Search Strategy: Our extensive search across many prominent
databases and preprint servers lessens the risk of missing relevant studies, providing an
inclusive outline of the current research landscape.

b) Rigorous Risk of Bias Assessment: The application of the QUADAS-2 tool proposes a
robust, consistent assessment of methodological quality and enhancing the
frustworthiness of our findings.

c) Advanced Meta-analytic Methods: The use of bivariate random effects models and
HSROC curves offers a statistically sound. The inclusive quantitative synthesis of
diagnostic exactness, accounting for correlation and heterogeneity.

d) GRADE-DTA Assessment: The inclusion of the GRADE-DTA framework gives a systematic
evaluation of the inevitability of indication and providing a clear basis for interpreting
clinical implications.

Limitations:

a) Heterogeneity: Heterogeneity across studies in terms of datasets, DNN architectures,
fraining protocols and reference standards could not be fully clarified by subgroup
analyses.

b) Publication Bias: While Deeks’ funnel plot indicated evidence of publication bias. The
possibility of selective reporting, where studies with negative and less impressive results
are less to be published, remains.

c) Limited High-Quality Studies: The predominance of reviewing, single center studies and a
scarcity of large scale, prospective.

5.5. Future Directions

a) Future Multicenter Studies: Conducting bulky, multicenter potential frials with varied and
representative patient populations are crucial to meticulously authenticate DNN
performance in real world clinical settings (Torres & Martinez, 2023).

b) Open Science Practices: In encouraging open-source dataset sharing, code
accessibility and model fransparency will aid duplication and joint research (Ahmed &
Khan, 2025).

c) Ethical and Regulatory Considerations: Better emphasis is required on ethical
considerations, data privacy and developing robust regulatory (Fernandes & Silva, 2024).
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6.0. CONCLUSION

This systematic review and meta-analysis establish that deep neural networks attain high
diagnostic accuracy in detecting pneumonia and also COVID-19 from medical imaging
modalities, including chest X-ray, computed tomography and lung ultrasound. The pooled
results show robust sensitivity, specificity and AUC. Also, signifying that Al systems possess
important potential to enhance current radiology practice and improve diagnostic work
flow. The current evidence base is largely characterized by retrospective, single center
studies, a reliance on limited, imbalanced datasets and methodological weaknesses. All
these factors require caution in the interpretation and direct clinical franslation of reported
exactitudes. On clinical view, DNNs play an important role in disease friage, rapid screening,
decision support in resource limited environments and during public health crises. Also,
widespread and unsupervised clinical deployment remains premature, to bridge the gap
between research prototypes and reliable clinical practice. Future research must follow,
steering potential, multicenter frials using diverse and representafive datasets,
Implementation of tfransparent and consistent reporting frameworks to improve
reproducibility and comparability. In conclusion, deep neural networks hold significant
promise for advancing pneumonia and COVID-19 diagnostics, authentication, improved
fransparency and responsible implementation are to take serious to see their full potential in
clinical practice.
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