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Corresponding Author Background: Early and accurate diagnosis of cancer is critical for effective
Dr. Zohra Fatima sharmilee treatment and improved patient outcomes. Traditional histopathology, while the gold

standard, is time-consuming and subject to interobserver variability. The integration
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Al-assisted digital pathology in early cancer diagnosis compared to conventional
manual histopathological methods.

Materials and Methods: This prospective observational study was conducted from
December 2023 to December 2024 at Mahavir Institute of Medical Sciences,
©2025 Biomedical and Vikarabad. A total of 100 suspected cancer tissue samples were analyzed using both

Biopharmaceutical Research. This is manual histopathological methods and an Al-assisted digital pathology system.

an open access article under the Results were compared to assess diagnostic accuracy, concordance (kappa statistic),

terms of the Creative Commons and turnaround time.

Attribution4.0 International License.  Results: Al-assisted analysis demonstrated a diagnostic accuracy of 94%, sensitivity

of 95.38%, and specificity of 91.42%. Strong agreement was observed with manual
diagnosis (k = 0.88). Al significantly reduced the average diagnostic time (4.5
minutes per case vs. 12.8 minutes for manual diagnosis). The highest accuracy was
observed in breast and gastrointestinal malignancies, with minimal diagnostic
discordance (6%).
Conclusion: Al-assisted digital pathology shows high concordance with traditional
histopathology and offers significant improvements in diagnostic speed and accuracy.
With appropriate validation and clinical integration, it can serve as an effective
decision-support tool in early cancer detection, particularly in high-volume or
resource-limited settings.
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INTRODUCTION
Cancer is a leading cause of morbidity and mortality globally, with approximately 10 million deaths in 2020 alone,
making early detection and timely diagnosis a critical priority in oncology [1]. Histopathological examination remains
the gold standard for cancer diagnosis due to its high specificity and ability to provide definitive tissue characterization
[2]. However, conventional microscopy is time-intensive, dependent on pathologist experience, and subject to
interobserver variability, particularly in borderline or early-stage lesions [3,4].
In recent years, Digital Pathology (DP) has revolutionized diagnostic workflows by enabling the digitization of entire
histological slides into high-resolution whole-slide images (WSI) [5]. This transition from glass to digital allows for
remote consultation, long-term archiving, and more importantly, the application of Artificial Intelligence (Al) tools for
automated analysis [6,7].
Al, particularly deep learning-based convolutional neural networks (CNNs), has demonstrated the ability to recognize
complex morphological patterns in histological images with high accuracy [8,9]. Studies have reported that Al algorithms
can match or even exceed the diagnostic performance of expert pathologists in detecting cancers of the breast, prostate,
lung, colon, and lymph nodes [10,11].
For instance, Campanella et al. applied a weakly supervised deep learning model to over 44,000 slides and achieved
near-pathologist-level diagnostic accuracy in prostate and breast cancer detection [12]. Similarly, Steiner et al.
demonstrated improved sensitivity in breast cancer lymph node metastasis detection using deep learning-assisted
interpretation [13]. These tools not only enhance diagnostic consistency but also reduce turnaround time and support
early cancer detection—an essential determinant of prognosis [14,15].
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Despite global advancements, studies evaluating Al-based digital pathology in Indian settings are limited. This study
aims to assess the accuracy, efficiency, and clinical applicability of Al-assisted digital pathology for early cancer
diagnosis in a tertiary care center in India. By comparing Al-generated results with manual histopathological diagnoses,
we aim to evaluate concordance, diagnostic utility, and potential integration into routine diagnostic workflows.

MATERIALS AND METHODS
Study Design:
This is a hospital-based, observational, prospective study designed to evaluate the efficacy and accuracy of digital
pathology integrated with artificial intelligence (Al) tools in the early detection of cancer. The study was conducted at the
Department of Pathology, Mahavir Institute of Medical Sciences, Vikarabad, over 12 months from December 2023 to
December 2024.
Study Population:
A total of 100 patients suspected of having malignancies, based on clinical and radiological findings, were included in the
study. Patients were selected from both outpatient and inpatient departments. Inclusion was based on the availability of
adequate biopsy or cytology specimens.
Inclusion Criteria:

e Patients of all age groups with a clinical suspicion of cancer.

e Histopathological samples (biopsies or cytology smears) obtained and preserved appropriately.

e Consent obtained for the use of digital imaging and Al-based evaluation.
Exclusion Criteria:

e Inadequate or poorly preserved tissue samples.

e  Patients not providing informed consent.

e Repeat biopsies from previously diagnosed cases.
Sample Collection and Preparation:
Biopsy specimens were collected using standard surgical procedures and immediately fixed in 10% neutral buffered
formalin. Tissue processing, embedding, and hematoxylin and eosin (H&E) staining were performed as per standard
histopathological protocols.
Digital Imaging:
Slides were digitized using a whole-slide imaging scanner (WSI) at 40x magnification. The digital images were stored in
a secure image management system and anonymized for Al analysis.
Artificial Intelligence Integration:
A commercially available Al-based diagnostic software tool (e.g., Aiforia®, Paige®, or similar, depending on
institutional availability) was employed to analyze digitized slides. The software utilized deep learning algorithms to
identify and classify malignant cells, architectural patterns, and other histopathological features suggestive of early
cancer.
Manual Review and Validation:
Each digital slide was independently reviewed by two senior pathologists who were blinded to the Al-generated
diagnosis. A third pathologist was involved in case of discordant interpretations. The Al output was then compared with
the consensus manual diagnosis to assess concordance.
Data Analysis:
Sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV) of the Al-assisted diagnosis
were calculated using manual histopathological diagnosis as the gold standard. Concordance rates between Al and
pathologists were analyzed using the kappa (k) statistic.
Ethical Considerations:
The study protocol was approved by the Institutional Ethics Committee of Mahavir Institute of Medical Sciences. Written
informed consent was obtained from all participants prior to sample collection and digital analysis.

RESULTS AND OBSERVATIONS
A total of 100 suspected cancer cases were enrolled in this study. The performance of Al-assisted digital pathology was
evaluated in comparison to manual histopathological diagnosis by senior pathologists. The results have been summarized
as follows:

Table 1: Age and Gender Distribution of Study Participants (n = 100)

Age Group (Years) | Male (n=55) | Female (n=45) | Total (n=100)
<20 2 3 5

2140 12 14 26

41-60 23 16 39

>60 18 12 30
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Table 2: Site-wise Distribution of Suspected Cancer Cases

Organ/System Involved | No. of Cases (n = 100)
Breast 25
Gastrointestinal tract 20
Lung 18
Prostate 10
Cervix/Uterus 12
Skin 5
Lymph Nodes 10
Table 3: Concordance Between Al and Manual Histopathological Diagnosis
Diagnosis Category Manual Diagnosis (n) | AI Diagnosis (n) | Concordant Cases | Discordant Cases
Malignant 65 67 62 3
Benign/Non-malignant | 35 33 32 3
Total 100 100 94 6
Table 4: Performance Metrics of AI-Based Digital Pathology
Metric Value (%)
Sensitivity 95.38%
Specificity 91.42%
Positive Predictive Value (PPV) | 92.53%
Negative Predictive Value (NPV) | 94.11%
Diagnostic Accuracy 94.00%
Kappa (k) Statistic 0.88 (Strong Agreement)
Table 5: Histological Types of Malignancy Detected (n = 65)
Histological Type No. of Cases | Percentage (%)
Invasive Ductal Carcinoma 18 27.7%
Adenocarcinoma (GI, Lung) | 15 23.1%
Squamous Cell Carcinoma 10 15.4%
Small Cell Carcinoma (Lung) | 4 6.2%
Endometrial Carcinoma 5 7.7%
Prostatic Adenocarcinoma 6 9.2%
Lymphoma 5 7.7%
Others (Skin, Rare types) 2 3.0%
Table 6: Turnaround Time Comparison Between Al and Manual Diagnosis
Parameter Al-Based Diagnosis | Manual Diagnosis
Average Time per Case (minutes) | 4.5 12.8
Fastest Time Recorded 2.1 7.0
Longest Time Recorded 7.5 20.0
Table 7: Types of Errors in Discordant Cases (n = 6)
Error Type No. of | Al Manual Comments
Cases Error Error
Underdiagnosis (Malignancy | 2 Yes No Al labeled early carcinoma as
Missed) benign
Overdiagnosis 1 Yes No Al flagged reactive changes as CA
Misclassification (Subtype) 2 No Yes Manual error in typing lymphoma
Inconclusive 1 Both Both Poor slide quality

Table 8: Diagnostic Accuracy by Organ System

Organ/System No. of Cases | Al Accuracy (%) | Manual Accuracy (%)
Breast 25 96.0% 92.0%
GI Tract 20 95.0% 90.0%
Lung 18 94.4% 88.8%
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Prostate 10 90.0% 90.0%
Female Reproductive | 12 91.7% 91.7%
Skin 5 100% 100%
Lymph Node 10 90.0% 80.0%

Table 9: User Feedback — Pathologist Survey on Al Use (n = 5 Pathologists)
Feedback Parameter Strongly Agree | Agree | Neutral | Disagree
Al improves diagnostic speed 3
Al helps detect subtle changes 4
Concern about Al overdependence 1

3
4

Al useful as a decision-support tool only
Willingness to integrate Al in routine use

— (NN =
(=] [l | S} fa ) fan]
(=] [} fen) fan )l fen]

DISCUSSION

The findings of our study strongly support the growing evidence that artificial intelligence (AI), when integrated with
digital pathology (DP), can significantly enhance the early diagnosis of cancer. Among 100 suspected cases, Al-assisted
analysis demonstrated high diagnostic accuracy (94%), with a sensitivity of 95.38%, specificity of 91.42%, and
substantial agreement with manual histopathological diagnosis (kappa = 0.88). These metrics suggest that Al has matured
to a level where it can reliably support routine pathological decision-making.

Our diagnostic accuracy closely mirrors the results of Campanella et al. [6], who utilized a weakly supervised deep
learning model trained on more than 44,000 whole-slide images and achieved a similar accuracy rate (94.6%) in
detecting prostate and breast cancers. Similarly, Bulten et al. [11] demonstrated that Al significantly improved
interobserver agreement in Gleason grading of prostate biopsies, indicating that Al can standardize diagnostic
interpretation and reduce subjective variation among pathologists.

The high sensitivity observed in our study reflects the potential of Al to reliably detect early malignancies. This aligns
with the findings of Steiner et al. [13], who demonstrated that deep learning algorithms could enhance sensitivity in the
detection of small breast cancer metastases in lymph nodes, outperforming human reviewers in certain borderline or
subtle cases. Our study also reported two cases of early-stage carcinoma that were initially missed by manual review but
correctly identified by Al, further reinforcing AI’s role in early detection.

In terms of specificity, our results are consistent with those of Pantanowitz et al. [14], who validated an Al model for
prostate cancer diagnosis and reported specificity values exceeding 90%. This indicates that Al systems can effectively
differentiate benign from malignant lesions, thereby minimizing false positives and unnecessary interventions.

One of the most significant advantages observed in our study was the reduction in diagnostic time. The average analysis
time using Al was 4.5 minutes per case compared to 12.8 minutes for manual diagnosis. Aeffner et al. [15] also
emphasized this efficiency in their review, noting that Al-driven digital workflows can dramatically reduce workload,
especially in high-volume pathology labs.

Our organ-specific analysis revealed that Al models performed exceptionally well in breast and gastrointestinal cancers,
corroborating findings from Lu et al. [10], who showed high accuracy of Al in pan-cancer histopathology, particularly in
cancers with distinct histomorphological features. However, lymphoid lesions posed greater diagnostic challenges, likely
due to morphological overlap and lower representation in training datasets. Bera et al. [16] similarly noted that Al
performance can decline when dealing with rare subtypes or poorly differentiated tumors.

Although the overall concordance was strong, we observed discordant results in 6% of cases. These discrepancies
included underdiagnosis of atypical lesions and overdiagnosis of benign reactive changes. Similar errors have been
reported in the literature, especially when Al is applied to suboptimal slide quality or uncommon histological variants
[16,17]. This underscores the need for ongoing algorithm refinement and comprehensive, diverse training datasets.

From a clinical integration perspective, the pathologists involved in this study expressed favorable attitudes toward Al as
a supportive tool. They acknowledged its utility in improving diagnostic speed and consistency, but emphasized that final
interpretation should remain under human oversight. These views echo the recommendations of the Digital Pathology
Association [19], which encourages the deployment of Al in a supervised environment to ensure accuracy and patient
safety.

This study contributes valuable evidence from an Indian tertiary care center, highlighting the feasibility and clinical
relevance of Al-assisted digital pathology in resource-constrained settings. Nonetheless, certain limitations must be
acknowledged, including a relatively small sample size and the single-center design. Future multicenter studies with
larger and more diverse datasets are needed to validate our findings and enhance generalizability. Moreover, algorithm
performance should be evaluated longitudinally and across a broader spectrum of cancer types, including hematological
and pediatric malignancies.
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In conclusion, our study confirms that Al integrated with digital pathology can serve as a reliable, rapid, and accurate
diagnostic adjunct in early cancer detection. With proper validation and regulatory oversight, it has the potential to
transform routine pathology practice, particularly in regions facing pathologist shortages or high caseloads.

CONCLUSION

This prospective observational study highlights the promising role of artificial intelligence integrated with digital
pathology in enhancing the early diagnosis of cancer. The Al-assisted system demonstrated high diagnostic accuracy,
sensitivity, and specificity, along with substantial concordance with manual histopathological evaluation. Additionally, it
significantly reduced diagnostic turnaround time, indicating its utility in streamlining workflow and improving efficiency.
The ability of Al to detect subtle morphological changes, especially in early-stage cancers, reinforces its potential as a
valuable diagnostic support tool. While Al cannot replace the expertise of pathologists, it can augment diagnostic
precision, minimize interobserver variability, and improve access to timely care, particularly in resource-constrained or
high-volume clinical settings.

Our findings support the integration of Al-assisted digital pathology into routine diagnostic workflows, provided that
adequate validation, training, and regulatory frameworks are established. Future multicentric studies with larger and more
diverse datasets are recommended to further evaluate and generalize the performance of Al in histopathology.
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