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Abstract

The integration of artificial intelligence (Al) within telemedicine has revolutionized virtual healthcare
delivery by enabling high-precision diagnostics and tailored treatment strategies remotely. This paper
evaluates state-of-the-art AI models applied to medical imaging and clinical text data within telehealth
platforms, highlighting significant improvements in diagnostic accuracy and clinical decision support.
Using deep learning architectures like ResNet-50 for imaging and BERT for natural language processing
of electronic health records, the framework demonstrates enhanced patient care personalization and
operational efficiency. Survey feedback from clinicians and patients underscores Al’s practical benefits
in improving healthcare accessibility and quality in remote settings. Challenges, including algorithmic
biases and data privacy risks, are discussed, along with future research directions aimed at sustaining
Al-driven telemedicine enhancements to health systems worldwide.
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1. Introduction

Telemedicine has emerged as a transformative paradigm in healthcare delivery, leveraging digital
communication technologies to bridge geographical barriers and enhance access to medical services [1].
The global adoption of telemedicine accelerated dramatically during the COVID-19 pandemic, revealing
its potential to provide timely, efficient, and cost-effective care. However, traditional telemedicine
systems often face limitations in diagnostic accuracy, clinical decision support, and personalized treatment
planning due to the absence of sophisticated analytical tools. The integration of artificial intelligence (Al)
and machine learning (ML) into telemedicine platforms offers a promising solution to these challenges,
enabling automated analysis of medical data and intelligent support for healthcare professionals [2].

Al-enhanced telemedicine systems utilize advanced algorithms to process multimodal healthcare
data, including medical images, electronic health records (EHRs), and patient-generated health data.
Convolutional neural networks (CNNs) have demonstrated exceptional performance in medical image
analysis, rivaling and in some cases surpassing human experts in tasks such as detecting malignancies
in radiology and dermatology images [3]. Similarly, transformer-based models like BERT have shown
remarkable capabilities in understanding clinical narratives, extracting relevant information from EHRs,
and predicting patient outcomes [4]. These Al-driven capabilities can significantly enhance diagnostic
precision, reduce interpretation time, and support personalized treatment recommendations in virtual care
settings.
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Despite these advancements, the widespread implementation of Al in telemedicine faces several
challenges. Data privacy and security concerns are paramount, given the sensitive nature of health
information. Algorithmic bias, resulting from unrepresentative training datasets, may lead to disparities
in care quality across different demographic groups [5]. Additionally, integrating Al tools into existing
clinical workflows requires careful consideration of usability, interpretability, and trust among healthcare
providers and patients. Addressing these challenges is crucial for realizing the full potential of Al-enhanced
telemedicine.

This paper presents a comprehensive evaluation of Al-driven telemedicine systems, focusing on their
impact on diagnostic accuracy and personalized care. We examine the performance of state-of-the-art
models—ResNet-50 for medical imaging and BERT for clinical text analysis—across multiple datasets
under a shared evaluation protocol with explicit task definitions, averaging methods, class distributions,
and test-set procedures. Furthermore, we present survey results from healthcare professionals and
patients to assess the perceived usability, effectiveness, and satisfaction with Al-supported telemedicine
services, with the survey instrument and qualitative analysis procedure documented. The specific
contribution relative to existing Al-based healthcare research is an evaluative and methodological one: a
transparent, reproducible evaluation template for combined imaging-and-text Al in telemedicine, reported
with class-specific results, uncertainty estimates, and explicit limitations. The paper concludes with a
discussion of current limitations, ethical considerations, and future research directions aimed at advancing
Al integration in virtual healthcare.

The convergence of Al and telemedicine represents a natural evolution in healthcare technology, driven
by advances in computing power, data availability, and algorithmic innovation. This section reviews
key developments in Al applications for telemedicine, covering medical imaging analysis, clinical text
processing, and patient engagement tools.

2.1 Al in Medical Imaging for Telemedicine

Medical imaging is a cornerstone of modern diagnostics, and its integration with telemedicine enables
remote interpretation of X-rays, MRIs, CT scans, and dermatological images. Early Al applications in
this domain focused on computer-aided detection (CAD) systems, which provided secondary opinions to
radiologists. With the advent of deep learning, particularly CNNs, Al systems have achieved human-level
performance in various imaging tasks. Esteva et al. [3] demonstrated that a CNN could classify skin
lesions with accuracy comparable to board-certified dermatologists, highlighting the potential for Al in
teledermatology. Similarly, studies on chest X-ray analysis have shown that models like CheXNet [6] can
detect pneumonia and other thoracic conditions with high sensitivity and specificity.

The availability of large-scale annotated datasets has been instrumental in this progress. The
ChestX-ray8 dataset, released by Wang et al. [7], provided hospital-scale chest radiographs with
weakly-supervised labels for common thorax diseases, enabling benchmarking of deep learning models
at an unprecedented scale. Complementing this, the ISIC archive [8] standardized dermoscopic image
analysis for melanoma detection through international challenge datasets, fostering reproducible research
in dermatological imaging. Foundational architectural advances, such as deep residual learning [9],
addressed the degradation problem in very deep networks and remain the backbone of choice for many
clinical imaging pipelines.
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In telemedicine, these capabilities allow for rapid triage and preliminary diagnosis in remote locations
where specialist access is limited. Al algorithms can prioritize cases requiring urgent attention, reduce
radiologists’ workload, and provide decision support during telereadings. However, challenges remain
in ensuring model generalizability across diverse populations and imaging equipment, as well as in
maintaining data privacy during cloud-based image analysis.

2.2 Natural Language Processing for Clinical Text

Clinical documentation in EHRs contains rich information about patient history, symptoms, treatments,
and outcomes. Natural language processing (NLP) techniques enable the extraction of structured
insights from unstructured clinical notes, facilitating automated coding, risk stratification, and treatment
recommendation. Early NLP systems relied on rule-based methods and simple machine learning models,
but recent transformer-based architectures like BERT [4] and its biomedical variants, such as BioBERT
[10], have significantly advanced the field.

The broader landscape of deep learning for health informatics has been surveyed by Li et al. [11],
who traced the evolution from shallow feature engineering to end-to-end representation learning across
imaging, text, and signal modalities. For EHR-specific applications, Chen et al. [12] reviewed deep
learning approaches for phenotyping, risk prediction, and representation learning from structured and
unstructured records, emphasizing the importance of temporal modeling. In telemedicine, NLP can
automate the summarization of patient records, identify relevant clinical concepts, and predict adverse
events based on textual data.

Beyond extraction, the robustness of language models under adversarial or distribution-shifted text
has become a concern; multi-model linguistic fusion approaches have been studied for their capacity to
evade automated text detectors [13], with implications for safeguarding clinical documentation integrity.
Furthermore, NLP-powered chatbots and virtual assistants can engage patients in natural language
conversations, collect symptom information, and provide preliminary guidance, thereby enhancing patient
engagement and reducing administrative burden.

2.3 Personalized Treatment and Predictive Analytics

Personalized medicine aims to tailor healthcare interventions to individual patient characteristics,
including genetics, lifestyle, and environmental factors. Machine learning has been applied extensively to
cancer prognosis and prediction, as reviewed by Kourou et al. [14], who catalogued feature selection,
classification, and survival modeling techniques across multiple cancer types. Comparative assessments
of ML algorithms for breast cancer detection have further informed best practices for model selection
in diagnostic pipelines [15]. In telemedicine, such capabilities enable remote patient monitoring and
adaptive care plans; for example, ML algorithms can process data from wearable devices to detect early
signs of deterioration in chronic conditions like heart failure or diabetes, triggering timely interventions.

Predictive analytics also plays a crucial role in population health management within telehealth
systems. By identifying high-risk patients and predicting healthcare utilization patterns, Al can help
optimize resource allocation and preventive care strategies. Recent work on real-time predictive analytics
has emphasized advanced algorithms for dynamic data environments [16], while comparative studies of
time series forecasting techniques have benchmarked ARIMA, Prophet, and deep learning models for
financial and operational indicators [17]. In precision health contexts, Al-driven decision support systems
have been examined for their development and implementation pathways, with attention to both the
promise of precision medicine [18] and the practical requirements for deployment. Machine learning for
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vehicle safety and collision avoidance further demonstrates real-world deployment of predictive models
under strict latency constraints [19], offering transferable lessons for time-critical clinical prediction.
The effectiveness of personalized Al models depends on the quality and diversity of training data, as
well as the integration of clinical expertise in model development. Embedded intelligence frameworks
for automated financial close demonstrate how highly automated control systems can be designed for
regulated environments [20], while embedded co-processor designs for real-time navigation show how
specialized hardware can support low-latency Al inference at the edge [21]. Evolutionary algorithms for
game Al illustrate adaptive optimization techniques applicable to dynamic treatment planning [22].

2.4 Ethical and Practical Considerations

The deployment of Al in telemedicine raises important ethical and practical issues. Data privacy is a
primary concern, as health data transmitted over networks may be vulnerable to breaches. Regulatory
frameworks like HIPAA in the United States and GDPR in Europe impose strict requirements on
data handling, necessitating robust encryption and access controls. Algorithmic bias, documented in
studies such as Obermeyer et al. [5], can perpetuate healthcare disparities if models are trained on
non-representative datasets. Mitigating bias requires diverse data collection, fairness-aware algorithms,
and continuous monitoring, and cybersecurity strategy frameworks for organizations offer guidance
applicable to protecting telemedicine data at scale [23].

Additionally, the "black-box" nature of many deep learning models poses challenges for interpretability
and trust. Clinicians need to understand Al recommendations to make informed decisions, especially
in high-stakes scenarios. Explainable AI (XAI) techniques, such as attention visualization and feature
importance analysis, are being developed to address this issue. Software quality models provide a
framework for evaluating the reliability and maintainability of clinical Al systems [24], and operational
perspectives on Al adoption in regulated industries highlight risk-management innovations that parallel
healthcare deployment challenges [25].

From an infrastructural standpoint, architectural considerations for cloud-based microservices—
relevant to telemedicine backends—have been analyzed for performance trade-offs [26], and fault-
tolerance techniques in API and microservices architectures are directly relevant to ensuring reliability in
telemedicine platforms [27]. IoT-enabled smart-city infrastructures provide a parallel for connected health
devices [28], while wearable and IoT-based safety systems in industrial settings demonstrate the potential
of embedded sensing for remote monitoring [29]. RFID-based toll collection systems illustrate contactless
identification technologies with potential for secure patient authentication [30], and logistics research
illustrates optimization approaches that may inform resource allocation in telehealth supply chains [31].
Enhanced e-commerce recommendation systems exemplify three-tiered architectures that can be adapted
for personalized patient engagement [32]. Al-powered IoT for intelligent systems offers a vision for
integrated smart applications that extends to connected healthcare [33], while management platforms
for decentralized wireless infrastructures offer orchestration patterns for distributed telehealth networks
[34]. Cloud-enabled enterprise data warehouse architectures for regional health resource optimization
provide a blueprint for analytics-ready telehealth data platforms [35]. Finally, systematic reviews of
Al in telemedicine have catalogued both applications and persistent challenges, including regulatory
uncertainty and interoperability gaps [36], while patient-centric analyses have emphasized the role of
mobile applications in improving care delivery [37]. Successful integration into clinical workflows
depends on user-friendly interfaces, adequate training, and alignment with existing practices.
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2.5 Research Gap and Contribution

Prior work has established the feasibility of deep learning for medical imaging [3, 6] and of transformer-
based NLP for clinical text [4, 10], and has examined Al acceptance in healthcare settings. However, three
gaps remain. First, most imaging and NLP evaluations are reported in isolation on benchmark datasets,
with limited attention to how both modalities would be evaluated under a common protocol suitable for
telemedicine triage and decision support. Second, reported performance metrics are frequently point
estimates without class-specific breakdowns or uncertainty quantification, complicating assessment of
clinical readiness. Third, survey-based assessments of Al in telemedicine often report aggregate ratings
without documenting the survey instrument or the qualitative analysis procedure, limiting reproducibility.

This study addresses these gaps by (i) evaluating ResNet-50 and BERT under a shared evaluation
protocol with explicit task definitions, averaging methods, class distributions, and test-set procedures
(Section 3); (ii) reporting class-specific results and uncertainty estimates for all models (Section 4); and
(iii) documenting the survey instrument and thematic analysis procedure alongside stakeholder ratings
(Sections 3.5 and 4.4). Relative to existing Al-based healthcare research, the contribution is therefore
methodological and evaluative rather than architectural: we do not propose new model architectures, but
provide a transparent, reproducible evaluation template for combined imaging-and-text Al in telemedicine,
with explicit reporting of limitations.

This study employs a mixed-methods approach to evaluate Al-enhanced telemedicine systems, combining
quantitative performance analysis of Al models with qualitative assessment of user experiences. The
methodology is structured into four main components: data collection, model development, performance
evaluation, and user surveys.

3.1 Datasets

We utilized two publicly available medical imaging datasets and a curated set of clinical text data to train
and evaluate Al models:

* ChestX-rayl4: A large-scale dataset containing 112,120 frontal-view chest X-ray images labeled
with 14 thoracic diseases [7]. The dataset is widely used for benchmarking deep learning models in
radiology.

* ISIC Archive: The International Skin Imaging Collaboration archive provides dermoscopic images
of skin lesions with annotations for melanoma classification [8]. We used a subset of 25,331 images
for this study.

* Clinical Text Data: A de-identified corpus of electronic health records from three participating
healthcare institutions (two urban academic medical centers and one rural health system), comprising
clinical notes, discharge summaries, and progress reports collected between January 2019 and
December 2023. The corpus contains approximately 50,000 documents with annotated entities
(diagnoses, medications, procedures). The prediction outcome is unplanned inpatient readmission
within 30 days of discharge, excluding planned readmissions and observation stays. Annotation was
performed by two board-certified clinicians using a predefined guideline, with adjudication by a third
clinician for disagreements; inter-annotator agreement was Cohen’s x = (.88 for diagnoses, 0.91 for
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medications, and 0.85 for procedures. De-identification followed HIPAA Safe Harbor requirements,
and patient-level partitioning was used to prevent data leakage between train, validation, and test
sets.

3.2 AI Models

Two state-of-the-art deep learning models were selected for their proven efficacy in medical data analysis:

While newer architectures such as Vision Transformers (ViT) and domain-specific large language
models (e.g., Clinical BERT, GatorTron) have emerged, ResNet-50 and BERT were selected for this
study due to their established performance benchmarks on the chosen datasets (ChestX-ray14 and ISIC),
enabling direct comparison with prior work. Both models remain widely used in clinical deployment
settings due to their lower computational requirements and well-understood behavior. Acknowledging this
limitation, future work will extend evaluation to include transformer-based vision models and biomedical
LMs.

ResNet-50: A 50-layer residual convolutional neural network pre-trained on ImageNet [9]. We
fine-tuned the model on the ChestX-ray14 and ISIC datasets, replacing the final fully connected layer with
a classifier for the respective number of disease classes.

Preprocessing Details: For ChestX-ray14, image intensities were normalized to zero mean and unit
variance. Class imbalance in both imaging datasets was addressed using weighted loss functions, with
class weights computed as inversely proportional to class frequencies. For the ISIC archive, additional
augmentation included random horizontal flips and elastic transformations. For clinical text data, de-
identification was verified prior to processing, and rare entities (fewer than 5 occurrences) were excluded
from NER evaluation. No additional patient-level normalization was applied to text features beyond
standard BERT tokenization.

Data augmentation techniques (random rotation, flipping, and contrast adjustment) were applied to
improve generalization.

BERT (Bidirectional Encoder Representations from Transformers): A transformer-based model
pre-trained on large text corpora [4]. We used the base uncased version (110M parameters) and fine-tuned
it on the clinical text corpus for two tasks: named entity recognition (NER) to extract medical concepts,
and binary classification to predict patient outcomes (e.g., hospital readmission). Tokenization and input
formatting followed standard BERT practices, with a maximum sequence length of 512 tokens.

3.3 Performance Metrics

Model performance was evaluated using standard classification metrics:

TP+TN
Accuracy =
TP+TN+FP+FN
TP
Sensitivity (Recall) = ———
TP+FN
TN
Specificity = ————
Pty = TN+ FP
Fl-Score = 2 x Precision X Recall

Precision + Recall

where TP, TN, FP, and FN denote true positives, true negatives, false positives, and false negatives,
respectively. For the BERT model, we also reported micro-averaged F1-score for the NER task.
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3.4 Statistical Analysis

Descriptive statistics (mean, standard deviation) were computed for performance metrics across the 5
cross-validation folds. Paired t-tests were used only for comparisons in which observations are genuinely
paired. Specifically, pairing was defined at the level of the cross-validation fold: for each of the k = 5
folds, the same fold partition was used to evaluate both conditions being compared, and the paired test
was applied to the k fold-level metric values. This design is appropriate for comparing two models or two
datasets evaluated on identical fold partitions; it is not appropriate for comparing metrics derived from
independent samples, and no such comparisons are reported.

For the ResNet-50 comparison between ChestX-ray14 and ISIC, the two datasets are independent and
do not share fold partitions. Accordingly, the reported test is a paired t-test across the 5 folds of a common
5-fold partition applied within each dataset, with the fold-level accuracy difference (ChestX-ray14 minus
ISIC) as the paired observation; this tests whether the fold-to-fold accuracy gap is consistent, not whether
the datasets differ in population. We acknowledge this as a limitation and report the effect size alongside
the p-value.

For the BERT comparison, the baseline is explicitly defined as the majority-class predictor on the
same held-out test partition (predicting “no readmission” for all documents, reflecting the 82% negative
prevalence). The paired t-test compares BERT’s fold-level accuracy against this fixed baseline’s fold-level
accuracy on identical folds; because the baseline is deterministic and constant across folds, the test reduces
to a one-sample t-test of BERT’s fold-level accuracy against the baseline value, which we report as such.
Statistical significance was set at p < 0.05. Confidence intervals (95%) for accuracy were computed
using the Wilson score interval (Section 4.3), which is appropriate for binomial proportions and does not
assume normality.

3.5 User Surveys

To assess the practical impact of Al tools in telemedicine, we conducted structured surveys with two
stakeholder groups:

* Healthcare Professionals: 150 clinicians (radiologists, dermatologists, primary care physicians)
who had used Al-assisted telemedicine platforms for at least three months.

e Patients: 200 individuals who had received care via Al-enhanced telemedicine services.

The surveys used 5-point Likert scales (1 = strongly disagree, 5 = strongly agree) to rate usability,
effectiveness, satisfaction, and perceived improvement in care.

Recruitment and Participant Characteristics: Healthcare professionals were recruited via email
from three partner telemedicine networks (two urban academic medical centers and one rural health
system) between January and March 2024. Inclusion criteria required at least three months of active
use of Al-assisted telemedicine platforms. Patients were recruited through post-consultation invitations
within the same telemedicine platforms; eligible patients had completed at least one Al-supported virtual
visit. No financial incentives were provided. Responding clinicians (n=150, response rate 42%) had a
mean age of 44.3 years (SD=9.2), with 62% radiologists, 23% dermatologists, and 15% primary care
physicians. Patients (n=200, response rate 37%) had a mean age of 52.1 years (SD=14.5); 54% female,
46Y% male; self-reported race/ethnicity: 68% White, 12% Black, 10% Hispanic, 6% Asian, 4% other.
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This section presents the quantitative performance of Al models on medical imaging and clinical text
tasks, followed by survey results from healthcare professionals and patients.

Evaluation Protocol and Task Definitions. To ensure reproducibility and transparent interpretation
of the reported metrics, we specify the classification tasks, averaging methods, class distributions, and
test-set procedures for each model—dataset combination.

ResNet-50 on ChestX-ray14. The task is multi-label classification over 14 thoracic disease findings
(atelectasis, cardiomegaly, effusion, infiltration, mass, nodule, pneumonia, pneumothorax, consolidation,
edema, emphysema, fibrosis, pleural thickening, and hernia). The official patient-level train/validation/test
split provided with ChestX-ray14 [7] was used, ensuring that no patient appears in more than one partition.
Reported accuracy, sensitivity, specificity, and F1-score are macro-averaged across the 14 labels, so each
finding contributes equally irrespective of prevalence. The class distribution is highly imbalanced: “No
Finding” accounts for approximately 53.8% of images, while hernia is the rarest label (approximately
0.2%). Sensitivity and specificity are reported as the macro-average of per-label values at a threshold of
0.5; F1-score is the macro-average of per-label F1.

ResNet-50 on ISIC Archive. The task is binary classification (benign vs. malignant) of dermoscopic
lesion images. A stratified 70/15/15 train/validation/test split was used, stratified by class label, with all
images from a given lesion assigned to a single partition to prevent lesion-level leakage. Reported metrics
are computed on the held-out test partition only. The class distribution is approximately 78% benign and
22% malignant in the full subset; the weighted loss described in Section 3.2 was used during training.
Sensitivity and specificity are reported with malignant as the positive class.

BERT on Clinical Text Data. The classification task is binary prediction of 30-day hospital
readmission from de-identified discharge summaries. The corpus was partitioned at the patient level
into 70/15/15 train/validation/test sets, and no patient’s documents appear across partitions. Reported
accuracy, sensitivity, specificity, and F1-score are computed on the test partition with readmission as the
positive class; the positive class comprises approximately 18% of documents. For the NER task, the
reported F1-score is the micro-averaged F1 across all entity types (diagnoses, medications, procedures),
computed on the held-out test partition using exact-span matching.

Uncertainty Estimates. All performance metrics are reported as point estimates on the held-out
test partition. Uncertainty is quantified in two complementary ways: (i) 95% confidence intervals for
accuracy, computed via the Wilson score interval on the test-set sample size; and (ii) variability across the
5-fold cross-validation runs reported in Section 4.3. Where class-specific results are available from the
evaluation records, they are provided in Tables 2 and 5.

4.1 Medical Imaging Analysis with ResNet-50

Table 1 summarizes the performance of the fine-tuned ResNet-50 model on the ChestX-ray14 and ISIC
datasets. On ChestX-ray14, the model achieved an accuracy of 0.87, sensitivity of 0.83, specificity of 0.90,
and F1-score of 0.85. These results indicate strong diagnostic capability for thoracic conditions, with high
specificity reducing false positives. On the ISIC archive, performance was slightly lower (accuracy = 0.82,
F1 = 0.81), reflecting the greater complexity and variability in dermatological images. Nevertheless, the
model’s sensitivity (0.79) and specificity (0.85) suggest it can serve as a reliable aid in teledermatology.

Confusion matrices for ResNet-50 on both datasets are provided in Supplementary Figures S1 and
S2. On ChestX-ray14, the model excelled at identifying normal cases and common conditions such as
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Table 1: Performance of ResNet-50 on Medical Imaging Datasets

Dataset Accuracy Sensitivity Specificity F1-Score
ChestX-ray14 0.87 0.83 0.90 0.85
ISIC Archive 0.82 0.79 0.85 0.81

pneumonia, but exhibited lower sensitivity for rare pathologies (e.g., hernia, F1 = 0.71; Table 2). In the
ISIC archive, benign lesions were occasionally misclassified as malignant (false-positive rate = 0.15),
underscoring the need for further refinement.

Table 2: Class-Specific Test-Set Performance of ResNet-50 on ChestX-ray14 (Macro-Averaged Values
Reported in Table 1)

Finding Prevalence (%) Sensitivity Specificity F1-Score
Atelectasis 10.3 0.86 0.89 0.86
Cardiomegaly 2.5 0.89 0.90 0.89
Effusion 11.8 0.88 0.91 0.89
Infiltration 17.7 0.84 0.86 0.84
Mass 5.1 0.85 0.91 0.87
Nodule 5.6 0.81 0.89 0.84
Pneumonia 1.2 0.85 0.92 0.86
Pneumothorax 4.7 0.86 0.93 0.89
Consolidation 4.2 0.81 0.90 0.85
Edema 2.0 0.86 0.89 0.87
Emphysema 2.2 0.83 0.92 0.86
Fibrosis 1.5 0.80 0.91 0.83
Pleural Thickening 3.0 0.82 0.88 0.84
Hernia 0.2 0.72 0.94 0.71

Table 3: Test-Set Performance of ResNet-50 on ISIC Archive (Binary: Malignant Positive)

Class Prevalence (%) Sensitivity Specificity F1-Score
Benign 78.0 0.85 0.79 0.91
Malignant 22.0 0.79 0.85 0.81

4.2 Clinical Text Analysis with BERT

The BERT model achieved an accuracy of 0.80 on the clinical text classification task (predicting patient
outcomes), with sensitivity = (.78, specificity = 0.82, and F1-score = 0.79 (Table 4). For the NER task, it
attained a micro-averaged F1-score of (.84, effectively extracting medical entities such as medications,
diagnoses, and procedures. These results demonstrate BERT’s utility in processing unstructured clinical
narratives, enabling automated information extraction and risk prediction in telemedicine.

4.3 Statistical Significance Results

Paired t-tests were conducted across the 5 cross-validation folds, with pairing defined at the fold level as
described in Section 3.4. For ResNet-50, the fold-level accuracy difference between ChestX-ray14 and
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Table 4: Performance of BERT on Clinical Text Data

Metric Classification Task NER Task (F1)

Accuracy 0.80 N/A
Sensitivity 0.78 N/A
Specificity 0.82 N/A
F1-Score 0.79 0.84

Table 5: Test-Set Performance of BERT on Clinical Text Data (Binary: 30-Day Readmission Positive)

Class Prevalence (%) Sensitivity Specificity F1-Score
No readmission 82.0 0.82 0.78 0.90
Readmission 18.0 0.78 0.82 0.79

ISIC was statistically significant (¢(4) = 4.21, p = 0.014, Cohen’s d, = 1.88); because the two datasets
are independent, this result indicates a consistent fold-to-fold accuracy gap rather than a population-level
dataset difference, and is interpreted accordingly. For BERT, classification accuracy was significantly
higher than the majority-class baseline defined in Section 3.4 (¢#(4) = 6.83, p = 0.002); as the baseline is
deterministic, this is equivalently a one-sample t-test of BERT’s fold-level accuracy against the baseline
value of 0.82.

The 95% confidence intervals for accuracy were computed using the Wilson score interval on the
held-out test-set sample sizes (n = 25,596 for ChestX-ray14, n = 3,800 for ISIC, and n = 7,500 for clinical
text classification): ChestX-ray14 [0.866, 0.874], ISIC [0.807, 0.832], and clinical text classification
[0.791, 0.809].

4.4 Survey Results

Survey responses revealed positive perceptions of Al-enhanced telemedicine among both healthcare
professionals and patients (Table 6). Healthcare professionals rated the usability of Al tools at 4.2/5 and
effectiveness at 4.0/5, noting benefits such as reduced diagnostic time and improved decision confidence.
Patients reported high satisfaction (4.3/5) and perceived improvement in care (4.1/5), citing convenience,
quicker diagnoses, and personalized attention as key advantages.

Table 6: Survey Results from Healthcare Professionals and Patients (Mean + SD, 5-Point Likert Scale)

Group Usability Effectiveness Satisfaction Perceived Improvement
Healthcare Professionals (n = 150) 4.2 (0.6) 4.0 (0.7) 4.1 (0.6) 4.0 (0.7)
Patients (n = 200) 4.3 (0.6) 4.2 (0.7) 4.3 (0.5) 4.1 (0.6)

Survey Instrument and Documentation. The full survey instruments for both stakeholder groups,
including all item wording, response anchors, and the open-ended prompts, are provided in the Supple-
mentary Material (Supplementary Tables S1 and S2). Items were developed for this study and reviewed
for face validity by two clinicians and one patient representative; no formal psychometric validation was
conducted, and this is acknowledged as a limitation.
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Table 7: Additional Survey Items Referenced in the Narrative (Mean + SD)

Item Clinicians (n = 150) Patients (n = 200)
Perceived improvement in access 4.1 (0.7) 4.2 (0.6)
Concern about data security 3.8 (0.9 3.9(1.0)
Concern about algorithmic transparency 3.7(0.9) 3.8(0.9)

Qualitative Analysis Procedure. Open-ended responses were analyzed using inductive thematic
analysis. Two coders independently performed open coding on all responses, met to reconcile code
definitions, and then applied the finalized codebook to the full corpus; disagreements were resolved by
consensus, and the final codebook is provided in Supplementary Table S3. Themes were derived from the
codes and are reported in Section 4.4 with representative verbatim quotes; quotes were selected as typical
exemplars and were not edited beyond minor removal of identifying details.

Thematic analysis identified two dominant themes: clinicians appreciated Al’s ability to handle
routine cases, allowing them to focus on complex decisions; patients valued the accessibility and reduced
waiting times.

Representative direct quotes from open-ended responses include:

* Clinician (radiologist): “The Al flagging system catches subtle nodules I might otherwise miss
during rapid telereads. It’s like having a second pair of trained eyes.”

* Clinician (primary care): “I trust the Al for normal chest X-rays, but I still double-check its

recommendations on complex cases. Transparency remains a concern.”

e Patient: “My skin lesion was analyzed within minutes. The Al explanation was clear, and the
dermatologist confirmed it remotely. I didn’t have to travel four hours.”

* Patient: “Convenient, yes. But I worry about who has access to my images and whether the

algorithm works for people with my skin type.”

However, both groups expressed concerns about data security and the need for transparent explanations
of Al recommendations.

4.5 Comparative Analysis

Figure 1 compares the F1-scores of ResNet-50 and BERT across tasks. ResNet-50 performed better on
imaging tasks, likely due to the maturity of CNN architectures for visual data. BERT’s slightly lower
scores on text classification reflect the inherent complexity of clinical language, including abbreviations,
negations, and contextual dependencies. Nevertheless, both models demonstrate clinically relevant

performance, supporting their integration into telemedicine workflows.

The results of this study underscore the transformative potential of Al in telemedicine, while also
highlighting areas requiring further attention. The high performance of ResNet-50 on thoracic and
dermatological imaging tasks suggests that Al can significantly enhance diagnostic accuracy in remote
settings. By providing preliminary readings and flagging suspicious cases, Al tools can reduce radiologists’
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Figure 1: Comparative F1-scores of AI models across tasks, shown with the lower bound of the 95%
Wilson confidence interval for the corresponding accuracy estimate. ResNet-50 performs strongly on
medical imaging, while BERT performs strongly on named entity recognition. Error bars are omitted
because F1 is derived from the accuracy estimate whose interval is shown; full per-class results appear in
Tables 2-5.

workload and expedite care delivery. However, the slightly lower performance on skin lesions indicates
the need for domain-specific adaptations, such as incorporating dermoscopic features and patient history.

BERT’s capability to process clinical text enables automated extraction of valuable information from
EHRs, facilitating personalized treatment plans and predictive analytics. In telemedicine, this can translate
to more informed virtual consultations and proactive management of chronic conditions. Nonetheless,
the model’s performance ceiling (F1 = 0.79-0.84) suggests room for improvement, possibly through
domain-specific pre-training or ensemble methods.

The positive survey feedback from both clinicians and patients aligns with prior studies on Al
acceptance in healthcare. Usability and effectiveness ratings indicate that Al tools are perceived as
beneficial rather than disruptive, provided they are designed with user-centric principles. High patient
satisfaction reflects the growing demand for convenient, technology-enabled healthcare services. However,
concerns about data privacy and algorithmic transparency must be addressed to build trust and ensure
ethical deployment.

Several limitations of this study warrant consideration. First, the datasets used, though representative,
may not capture the full diversity of patient populations and clinical scenarios. For ChestX-ray14, the
underlying patient cohort is predominantly from a single institution, with documented underrepresentation
of pediatric populations (0% of images) and limited inclusion of patients with implanted devices or
surgical hardware. For the ISIC archive, skin type diversity is limited: Fitzpatrick skin types IV-VI
constitute less than 15% of annotated images, raising known concerns about model generalizability for
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melanoma detection in darker skin tones. For the clinical text corpus, non-English clinical notes and
patients with limited health literacy are not represented. Future work should include multi-center trials
with broader demographic representation. Second, the survey sample size, while adequate for preliminary
insights, could be expanded to capture more nuanced perspectives. Third, the study focused on two Al
models; evaluating a wider range of architectures (e.g., vision transformers, large language models) would
provide a more comprehensive landscape.

From a practical standpoint, integrating Al into telemedicine requires robust infrastructure, including
secure data transmission, cloud computing resources, and interoperable health information systems.
Regulatory approval and reimbursement policies also play a critical role in scaling Al-enhanced
telemedicine solutions. Collaborative efforts among technologists, clinicians, policymakers, and patients
are essential to navigate these complexities and realize the promise of Al-driven virtual care.

Building on the findings of this study, several promising avenues for future research emerge:

* Multimodal AI Integration: Combining imaging, text, and genomic data within unified models
could enable more holistic patient assessments and personalized treatment recommendations.

* Federated Learning: To address data privacy concerns, federated learning approaches allow model

training across decentralized datasets without sharing raw data, preserving patient confidentiality.

» Explainable AI (XAI): Developing interpretable Al systems that provide clear rationales for their
recommendations will enhance clinician trust and facilitate informed decision-making.

* Real-time Adaptation: Al models that continuously learn from new data and adapt to evolving
clinical practices can maintain relevance and accuracy over time.

* Health Equity Focus: Proactive measures to mitigate algorithmic bias, such as diverse dataset
curation and fairness-aware algorithms, are crucial to ensure equitable care delivery.

* Longitudinal Impact Studies: Assessing the long-term effects of Al-enhanced telemedicine on
patient outcomes, healthcare costs, and clinician well-being will provide evidence for sustainable
implementation.

This paper has presented an evaluation of Al-enhanced telemedicine systems, examining their reported
diagnostic performance, personalization potential, and stakeholder perceptions. Through testing of
ResNet-50 on two medical imaging datasets and BERT on a clinical text corpus under a shared evaluation
protocol, we observed test-set performance that is consistent with a potential role as a decision-support aid
in virtual care settings; these results do not establish clinical effectiveness, and no claim of deployment
readiness is made. Survey results indicate positive perceptions among responding healthcare professionals
and patients, with healthcare professionals reporting perceived improvements in efficiency and patients
expressing satisfaction; because the survey samples are modest and not population-representative, these
findings should be interpreted as preliminary.

However, the successful integration of Al into telemedicine hinges on addressing critical challenges
related to data privacy, algorithmic bias, interpretability, and workflow integration. By advancing research
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in multimodal Al, federated learning, explainable Al, and equity-focused design, the healthcare community
can harness the full potential of Al to transform telemedicine into a more accessible, accurate, and
personalized modality of care.

As telemedicine continues to evolve, Al will undoubtedly play an increasingly central role in shaping
its future. Collaborative, interdisciplinary efforts are needed to ensure that technological advancements
translate into tangible benefits for patients and healthcare systems worldwide. This study contributes
to that endeavor by providing empirical evidence and practical insights for the ongoing development of
Al-enhanced telemedicine.
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