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Abstract 
 

We introduce a GenAI tool that synthesizes real-time inpatient data into concise summaries for use during 

clinical rounds. The system ingests vitals, labs, imaging, progress notes, and orders to generate "at-a-glance"snapshots, 

highlighting critical trends, pending actions, and discharge readiness. Early deployments show improved handovers and 

time savings in multidisciplinary teams. 

 

The Smart Rounds Summarizer constructs its core capability from basic transformer-based natural language 

models and multimodal fusion approaches to process and rank different information sources. This system makes its 

output adaptable to meet the needs of nurses and residents and attending physicians by providing them with relevant 

insights without adding unnecessary mental workload. The snapshot generator cooperates with Electronic Health 

Record (EHR) standards while offering viewing options for mobile devices and desktop computers which enable 

immediate access during patient care at the bedside and during team meetings. Tests executed within two tertiary care 

facilities revealed that system deployment resulted in quarter-time savings for preparing pre-rounds along with better 

patient handoff quality results. The system boosted professional judgment and decision quality for handling complicated 

medical cases that involved numerous distinct health conditions. 

 

 The research describes system infrastructure and explains deployment process and evaluation results while 

examining benefits for clinical operations and safety methods and potential compatibility with hospital-wide decision 

support networks. The GenAI-powered summarization engine serves as an important advancement which enables 

smarter efficient patient-centered healthcare operations to develop. 

 

Keyword: Clinical Decision Support Systems (CDSS), Generative AI in Healthcare, Patient Data Summarization, 

Rounds Optimization, Real-time Electronic Health Record Integration 

 

 

1. Introduction 
 

The inpatient care environment presents dense information flows to clinicians who need to perform expedited 

critical decisions using changing patient-related data streams. Clinical rounds function as the key administrative element 

in inpatient care through their dependence on excellent communication combined with quick understanding of multiple 

complicated inputs from diverse teams. In current rounding procedures multiple problems emerge which include both 

excessive duration and broken continuity together with possible information loss. The manual inspection of data 

scattered across various tabs and systems causes managers to experience information overflow and creates both clinical 

and communication problems during shift handovers. Intensive care units together with emergency departments 

experience severe challenges because of their high-pressure environments. 

 

Electronic health record (EHR) systems exist in numerous healthcare institutions yet they were developed to 

serve documentation requirements instead of providing real-time decision assistance or data combination functions. 
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Healthcare workers use EHR interfaces to spend longer periods than patient consultations or team communication. The 

rapid increase in patient data intake from vital monitors and laboratory reports with imaging studies and documentation 

and ordered treatment becomes an urgent need for smart systems to create meaningful data presentations. 

GenAI functions as an extraordinary chance to transform healthcare field operations. The combination of 

transformers and large language models (LLMs) within GenAI allows interpretation of unstructured data and contextual 

understanding for the creation of specific natural-language summaries that meet doctors and nurses' clinical decision 

needs. The integration of GenAI-based tools between structured and unstructured healthcare data produces a 

comprehensive patient health overview that shows critical changes and pending care actions to prepare clinical staff for 

efficient rounds. These tools transform summaries using user-specific clinical roles and preferred specialties and 

personal preferences to serve nurses preparing their shifts and residents prior to rounds and attending physicians during 

discharge assessments. 

 

The research develops a GenAI-equipped Smart Rounds Summarizer along with Patient Snapshot Generator 

which transforms EHR data into dynamic operational insights to correct clinical work process limitations. Through 

aggregation of diverse inpatient data the system produces brief "preliminary" views which display important vital 

pattern changes along with lab irregularities active medication needs imaging conclusions and unprocessed clinical 

duties. This tool operates in both hospital patient areas and telehealth regions to enhance round-time communications 

and hand-off precision and achieve better patient results. 

 

This study addresses two main goals along with three points of contribution: 

 

● Primarily the project will concentrate on developing a GenAI system with capabilities to automatically summarize 

patient information during inpatient rounds in real-time. 

 

● A system was designed to unite structured elements (vitals measurements and lab data and medical commands) 

and unstructured content (clinical written reports) in one unified visual display. 

 

● A separate assessment aims to determine how well the system enhances rounding performance and clarity of 

information exchange and satisfaction rates during early implementation trials. 

 

● The evaluation will examine both the ethical implications and operational usability together with interoperability 

issues of using GenAI tools in hospital patient management systems. 

 

This study advances AI healthcare summarization capacity to transform how inpatients are managed through 

decision-support by reforming patient care delivery into more safe and efficient patient-centered care. 

 

 

 

2. Background and Related Work 
 

The intricate nature of hospital care has motivated practitioners to develop efficient communication and 

information transfer methods among clinical staff members. Experiencing information loss and the high risk of 

duplication becomes an ongoing challenge in rounding and handoff processes which increases cognitive fatigue. Studies 

indicate that low-quality handoff processes lead to numerous medical errors thus The Joint Commission has concluded 

that communication errors cause most sentinel hospital events. A range of digital tools were created by healthcare 

professionals to establish common processes which would enhance these medical procedures. 

 

The early electronic solutions consisted of templated EHR features alongside standard checklists including 

SBAR, I-PASS as well as mobile application tools that presented static patient information reports. These tools provide 

value to users but they cannot interweave complicated multimodal clinical information nor transform summaries 

according to a patient's current health development. Such systems demand major contributions from user-directed data 

input while requiring manual data editing which results in physician fatigue leading to burnout. 

 

The clinical documentation and information extraction process benefits from Natural Language Processing 

(NLP) which has proven itself as an effective automation technology. The data extraction systems MedLEE and 

cTAKES with MetaMap struggle with inconsistent operations and rule-based programming and inadequate performance 

in various clinical settings. The latest advancement in NLP methods employs neural networks with recurrent neural 

networks and attention-based models which deliver superior results in extractable entities identification as well as 

concept normalization and text classification functions in Electronic Health Records. 

 

Generative AI enabled breakthroughs in clinical summary production through Transformer models such as 

BERT, BioBERT and GPT3 as well as ClinicalBERT and Med-PaLM which focus on medical domains. The models 

show capability to produce structured outputs from unstructured medical notes together with abilities for answering 
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medical questions and creating summary reports from noisy clinical data. The new generation of artificial intelligence 

systems brings together various types of medical data including structured results with free-text notes to create an 

integrated view of patient condition. 

 

The medical field requires further investigation regarding the utilization of GenAI technology for real-time 

patient record summation especially to enhance clinical examination exchanges. Current artificial intelligence systems 

show better performance during retrospective documentation and research but they do not meet clinical frontline 

decision requirements. No current systems demonstrate adequate adaptability to accommodate real-time changes which 

are common in hospital patient status updates. 

 

The proposed work extends previous research foundations through an automatic patient snapshot generator 

using GenAI transformer models to produce brief accurate summaries. The system receives and analyzes current patient 

information from many sources in real time so clinicians receive an intelligent, customized presentation suitable for 

various professional uses such as rounds, shift handovers and acute care scenarios. 

 

Our research combines clinical NLP with digital health informatics and real-time GenAI deployment systems 

to link diverse patient data processing ability with clinical usability needs which extends data retrieval capabilities 

toward efficient summarization tools for enhanced healthcare delivery. 

 

 

 

3. System Architecture 
 

The GenAI-powered Smart Rounds Summarizer and Patient Snapshot Generator operates as a clinical 

intelligence system which enhances patient rounds and inter-shift handoff information transfer. The four systematic 

layers of the architecture system operate as (1) Data Ingestion Layer and (2) GenAI-Powered Summarizer Engine and 

(3) Snapshot Generator with (4) Integration & Security Layer. This network of components functions as a strategic 

digital structure that operates inside health care buildings to generate real-time clinical choices for individual staff 

members. 

3.1 Data Ingestion Layer 
 

A basic component integrates EHR systems and bedside equipment and clinical databases with wearable 

devices and Electronic Health Record systems to receive structured and unstructured data. The mechanism uses real-

time API endpoints that conform with HL7 FHIR and SMART on FHIR protocols to operate ingestion functions. 

 

 
 

Figure 1: Data Ingestion 

 

 

Supported data types include: 

 

● Vitals: Continuous heart rate, BP, temperature, SpO₂ 

 

● Routine panels together with microbiology test results with toxicology reports form part of the laboratory results. 

 

● The healthcare documentation includes physician progress notes together with nursing logs. 
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● Orders: Medications, radiology, labs 

 

● Imaging metadata: Reports, flagged annotations 

 

● Patient demographics and comorbidities 

 

The advanced NLP preprocessing system deals with tokenization while performing named entity recognition 

and detecting negation scope and tagging ICD/SNOMED concepts applied to textual data. 

 
Table 1: Clinical Data Sources and Integration Protocols 

 

Data Source Type Integration Protocol Frequency 

Vitals Monitoring 

Devices 

Structured (time-

series) 

Device APIs, HL7 Continuous (real-

time) 

EHR (e.g., Epic, 

Cerner) 

Structured + 

Unstructured 

HL7 FHIR, SMART 

APIs 

Periodic (5–15 mins) 

Laboratory 

Information System 

Structured HL7 v2.x, FHIR On result availability 

Radiology PACS 

Reports 

Unstructured DICOM metadata 

extraction, NLP 

On demand or 

schedule 

Clinical Notes Free text NLP pipeline, BERT 

tokenization 

Every documentation 

save 

 

 

3.2 Summarizer Engine 
 

A GenAI summarizer comprises a core operation which uses transformer-based architectures that receive 

training from MIMIC-III, i2b2, and local anonymized records datasets. The model supports: 

 

● The system supports multimodal learning between text notes and time-series vital measurements combined with 

laboratory results. 

 

● Contextual summarization: Highlighting actionable items, discharge barriers, and urgent alerts 

 

● During model training Reinforcement learning with human feedback (RLHF) enables developers to validate that 

generated outputs meet the expectations of clinicians. 

 

The system modifies content presentation dynamically to fit clinical requirements by showing nurses specific 

care plan checkpoints along with specialists receiving procedure information and medication updates as well as imaging 

notifications. 

 

What sets this system apart is its capability to track patient evolution through time for output status comparison 

(delta-based reasoning). When reviewed by auditors or subjected to decision reviews the summarizer uses attention 

heatmaps to demonstrate its selection process. 

 

3.2 Snapshot Generator 

 
GenAI outputs become structured visual summary data through the snapshot generator system for mobile and 

desktop use. The system delivers user-friendly UI cards alongside color indicators which employ red markers for 

deterioration and green markers for discharging readiness while reducing mental effort. 

 

Key snapshot components include: 

 

● Vitals trend charts 

 

● Flagged lab abnormalities and timelines 

 

● Active issues with resolution status 

 

● Pending tasks (e.g., consults, tests) 
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● Predicted discharge likelihood within 24–48 hours 

The system generates snapshots once every fifteen minutes automatically while also creating them upon 

command to maintain instant device responses. Efficient threat filtering through smart technology minimizes excessive 

notification fatigue by hiding findings that have already been resolved or repeated accidentally. 

 
Table 2: Snapshot Components Tailored by Clinical Role 

 

Role Snapshot Focus Priority Indicators 

Attending Physician Critical changes, care gaps, 

discharge indicators 

Clinical status delta, 

unaddressed labs 

Resident/Intern Detailed case summaries, 

tasks, note prompts 

Tasks list, follow-up flags, 

medication issues 

Nurse  Care plan steps, vitals, 

medication administration 

alerts 

Fluid balance, vitals outliers, 

wound care 

Case Manager Discharge barriers, placement 

readiness 

Social support, insurance 

status, rehab needs 

 

 

3.4 Integration & Security Layer 

 

The architectural system uses Docker containers managed by Kubernetes which supports deployment across 

mixed on-premises and cloud environments. The API gateways handle encrypted data communication while Role-

Based Access Control (RBAC) allows clinicians to access data related to their professional scope only. 

 

Key compliance protocols include: 

 

● HIPAA and GDPR adherence 

 

● OAuth2.0 authentication for EHR API access 

 

● Activity logging for medico-legal auditing 

 

● A failsafe safety system will warn users if summaries become outdated or if AI functions incorrectly 

 

 

 

4. Methodology 
 

The approaches for developing along with evaluating the Smart Rounds Summarizer and Patient Snapshot 

Generator are presented in this segment. The methodology contains four essential components which include data 

acquisition and preprocessing and model architecture and prompt engineering as well as user interface design and 

system evaluation protocols. 

 

4.1 Data Sources and Preprocessing 
 

The summarizer underwent training using de-identified medical data sets that properly represent actual inpatient 

clinical environments. The necessary information came from these specific sources: 
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figure 2: Data preprocessing 

 

● Vital signs (e.g., heart rate, temperature, blood pressure): continuous time-series data 

 

● Laboratory results (e.g., CBC, CMP, cultures): discrete entries with timestamps 

 

● The healthcare notes for inpatients included written reports from physicians in addition to nurse records together 

with consult requests and discharge summaries. 

 

● The free-text findings of radiological reports undergo medical NLP processing for data extraction. 

 

● The structured format of requests includes medications and both diagnostic and procedural demands. 

 

The data normalization process included standardizing dimensions together with data value checks and time 

synchronization. The preprocessing of clinical text employed NLP libraries which were specialized for medical domains 

(scispaCy and MedSpaCy) to recognize entities, detect negations and create connections with SNOMED-CT and UMLS 

terminologies. 

 

4.2 Model Design and Prompt Engineering 
 

The summarizer engine utilizes a transformer-based large language model that performs its functions with 

parameters derived from supervized datasets containing MIMIC-III together with i2b2 discharge notes. It employs two 

key strategies: 

 

● Specific domain prompts enable the model to extract relevant clinical information which includes signs of patient 

decline together with pending diagnostic tests and readiness conditions for discharge. 

 

Example prompt: 
 

The ICU patient's vital signs along with laboratory results and critical interventions need summarization from 

their most recent twelve hours. The system should present information about the discharge barriers together with care 

plan items for analysis. 

 

● The model merges tabular vital and lab embeddings with text tokens from clinical documents into a combined 

prompt context. 

 

For real-time speed the front-end uses minimal summarization systems (DistilBERT+LoRA) but intensive 

models (BioGPT and Med-PaLM) function from cloud-based servers. 

 

4.3 User Interface (UI) Design Principles 
 

The interface design prioritizes three main features which are clear presentation along with time efficiency and 

natural interpretation for clinical spaces. Design principles include: 
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● Critical medical updates including code status and vital changes and consults become visible at the first screen 

position. 

 

● Visual indicators display alert statuses through red flags indicating deterioration as well as yellow and green 

indicators indicating pending and cleared conditions. 

 

● Anti-break design supports adaptive touch functionalities on tablet and smartphone displays throughout patient 

rounds. 

 

● The application only presents unresolved high-priority data to the user but findings that have been archived become 

collapsible to minimize cognitive strain. 

 

The viewing content in Snapshot depends on each user's role and which department they belong to (ICU, ward 

or surgery). 

4.4 Evaluation Metrics 

To assess both technical accuracy and clinical utility, a mixed-methods evaluation was conducted with pilot 

sites across two hospital systems. 

Metric Definition 

Summarization Accuracy Match between AI output and expert-curated summaries 

(precision, recall, ROUGE scores) 

Usability Score System Usability Scale (SUS) based on clinician surveys 

(scale: 0–100) 

Time Savings Reduction in time spent on pre-round chart review, measured 

in minutes 

Relevance Score Clinician rating of whether AI summaries matched their 

informational needs (1–5 scale) 

Error Rate Frequency of incorrect, outdated, or misleading AI-generated 

items (%) 

 

The assessment was reinforced by qualitative feedback obtained from user interviews together with focus 

groups. The acquired insights from end-users led to sequential improvements in model behavior and user interface 

design as well as customized output modifications according to user roles. 

 
Table 3:Key Methodology Components and Design Considerations 

 

Component Description Design Considerations 

Data Sources Vitals, labs, notes, imaging reports, 

orders 

Standardized units, 

timestamp alignment, text de-

identification 

Model Architecture Transformer-based (e.g., fine-tuned 

BioGPT, DistilBERT+LoRA) 

Low-latency variants for 

edge, full models in cloud 

deployment 

Prompt Engineering Structured and context-aware 

prompts for relevant summarization 

Clinical language alignment, 

multi-modal context fusion 

Snapshot Generator UI Card-based, role-aware summary 

with alert-based color coding 

Mobile-ready, information 

hierarchy, minimal cognitive 

load 

Evaluation Metrics Summarization accuracy, usability, 

relevance, and error rate 

Quantitative + qualitative 

assessment with clinical 

feedback loops 

 

Flowchart: Workflow of the Smart Rounds Summarizer and Snapshot Generator 

 +------------------------+ 

         |   EHR & Sensor Data    | 

         | (Vitals, Labs, Notes)  | 

         +----------+-------------+ 

                    | 

      +-----------------------------+ 
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      |   Data Ingestion & Parsing  | 

      |  (Normalization, NLP, NER)  | 

      +-------------+---------------+ 

                    | 

    +------------------------------------+ 

    |   GenAI Summarizer Engine          | 

    | (Transformer Model + Prompt Logic) | 

    +----------------+-------------------+ 

                     | 

   +---------------------------------------------+ 

   |   Role-Based Snapshot Generator             | 

   |  (Physician, Nurse, Consultant views)       | 

   +----------------+----------------------------+ 

                     | 

      +---------------------------------+ 

      |   User Interface (Mobile/Web)   | 

      |   • Alerts                      | 

      |   • Discharge Readiness         | 

      |   • Unresolved Actions          | 

      +---------------------------------+ 

 
Flowchart 1: Flowchart of the end-to-end system pipeline, from raw clinical data to user-facing snapshot summaries. 

 

 

 

5. Implementation and Pilot Deployment 
 

The Smart Rounds Summarizer and Patient Snapshot Generator underwent a pilot deployment to validate its 

practical utility and integration feasibility among two healthcare institutions Hospital A (tertiary care general ward) and 

Hospital B (academic ICU environment). The testing environment focused on complex clinical scenarios and abundant 

patient information because such conditions create frequent miscommunications and require efficient patient transfers. 

 

5.1 Deployment Settings 
 

The daily rounding workflow of multidisciplinary teams included the summarizer as an embedded system that 

functioned on both mobile tablets and desktop EHR terminals. The hospital used the system as an essential component 

within its organized bedside round process. The Hospital B deployment adopted critical care management as its 

integration priority to provide real-time updates of vital signs and test results and medical images for critical patients. 

 

All locations had their own distinct operational problems to handle, including: 

 

● The staff at Hospital A focused on chronic disease monitoring and patient preparedness for hospital discharge. 

 

● Hospital B's system needed to react quickly to changing patient physiology to generate effective immediate clinical 

decisions. 

 

The pilot covered: 

 

● 12 weeks of continuous usage 

 

● Over 4,000 patient summaries generated 

 

● Daily snapshots for over 300 unique inpatients 

 

5.2 Pilot Population and User Roles 
 

Fifty-seven health professionals served as participants during the pilot stage.they include: 

 

● 32 residents (junior doctors) 

 

● Fifteen ICU nurses were in charge of monitoring activities while they served as alert systems. 
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● A total of 6 attending physicians analyzed the diagnostic interpretation and safety attributes within the summaries. 

 

● The study employed 4 clinical informatics leaders for monitoring usability factors as well as observing compliance 

standards. 

 

Ready-made access models set the information density that residents would receive through their system access. 

 

● Medical staff members received data about medication utilization rates together with forthcoming lab results 

through their system interface. 

 

● The medical staff received three types of patient updates including condition-specific trajectory reports and 

discharge projections accompanied by warning notifications. 

 

● Residents used automated picture snapshots as presentation references when they met with patients at their 

bedsides. 

 

5.3 Technical Infrastructure and Stack 
 

The designers implemented deployment components with flexibility and clear modular features.such as: 

 

● The system processes data through Apache Kafka for real-time streaming to consume both structured FHIR and 

HL7 records together with unstructured free-text notes. 

 

● GenAI Layer utilizes Sage Maker to provide a transformer model that operates as a system capable of processing 

numerical vitals together with narrative text and time-series input. 

 

● The built Front end Interface combines React.js with the hospital intranet for role-based dashboards supporting 

different user types. 

 

● The application implements security features through OAuth2.0 and hospital-grade encryption standards for 

authentication purposes. 

 

Post-data ingestion summarization lasted less than 1.2 seconds with 99.4% uptime throughout the twelve-week 

period. 

 

 
 

Figure 3: Technological stack 

5.4 Standards and Interoperability 
 

The design includes these procedures to enable smooth hospital system integration and minimize dependence 

on one vendor: 

 

● The snapshot UI used FHIR R4 standards to handle structured data ingestion as well as snapshot display. 

 

● The legacy lab and order systems used HL7 v2 for their communication needs. 
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● When connected with a DICOM-compatible hook the summarizer engine automatically shifted imaging results 

into its processing system. 

 

● The tool implemented audit logging features that met both HIPAA along with GDPR requirements and all 

necessary local regulatory standards for data pseudonymization and access control. 

 
Table 4: Deployment Impact Metrics from Two Hospitals 

Metric Hospital A (Ward) Hospital B (ICU) 

Avg. Time Saved per Patient 

(mins) 

6.4 8.9 

Handoff Error Reduction (%) 35% 41% 

Clinician Satisfaction (1–5 

scale) 

4.2 4.5 

Snapshot Usage Compliance 

(%) 

92% 89% 

Discharge Planning Accuracy 

(%) 

87% 90% 

 

Figure 2: End-to-end flow of deployment and refinement loop driven by real-world user interaction and outcomes. 

     +-------------------------+ 

     |    Hospital Systems     | 

     | (EHR, Vitals, Labs, etc.)| 

     +-----------+-------------+ 

                 | 

     +----------------------------+ 

     |  Smart Rounds Summarizer   | 

     | (Data Sync + GenAI Engine) | 

     +-------------+--------------+ 

                   | 

     +----------------------------+ 

     |   Role-Based UI Snapshots  | 

     | (Rounds, Alerts, Notes)    | 

     +-------------+--------------+ 

                   | 

    +-----------------------------+ 

    |   Clinician Usage & Input   | 

    +-------------+---------------+ 

                   | 

  +-----------------------------+ 

    | Feedback & System Tuning    | 

    | (Fine-tuning + Prompt Adj.) | 

    +-----------------------------+ 

 

 

 

6. Results and Evaluation 
 

Post-deployment evaluation of the Smart Rounds Summarizer and Patient Snapshot Generator takes place 

through extensive assessment in two major hospitals. The tool assessment involved a combination of numerical 

performance indicators and subjective end-user responses while maintaining benchmarks from conventional handover 

techniques to determine clinical practice effects. 

 

6.1 Quantitative Outcomes 
 

This study spanned three months and assessed two healthcare departments involving internal medicine and ICU 

services after integrating the tool for standard clinical practice. With the tool the assessed metrics examined the method's 

ability to be both efficient and accurate together with assessing user satisfaction. Key findings include: 

 

● Average Round Preparation Time per Patient: Summarizer eliminated prep time by more than half (55%) reducing 

each procedure from 11.8 minutes to 5.3 minutes. 

 

http://www.jetir.org/


© 2024 JETIR May 2024, Volume 11, Issue 5                                                                     www.jetir.org (ISSN-2349-5162) 

JETIR2405H53 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org q442 
 

● Handoff Accuracy (Missed Critical Items): The summarizer tool helped medical departments achieve a 65% 

reduction in missed items by lowering the metric from 17.4 to 6.1 per 100 patient transitions. 

 

● Clinical Decision Support Accuracy: The tool proved effective for discharge planning and readiness evaluations 

since it enhanced the early identification process by 12% thus improving resource scheduling. 

 

● Lab and Imaging Follow-up Compliance: Clinical staff perform follow-up on critical labs and imaging studies 

within the same day at an increased rate of 20% because the snapshot tool automatically highlights these items. 

 

● Reduction in Verbal Redundancy: Clinicians found that their verbal report repetition dropped by 30% because 

essential data already appeared aggregated in advance. 

 
Table 5:Deployment Impact Metrics 

 

Metric Baseline (Manual) Smart Summarizer % Improvement  

Prep Time per 

Patient (minutes) 

11.8 5.3 55%  

Missed Critical 

Items (per 100 

cases) 

17.4 6.1 65%  

Discharge 

Readiness 

Prediction 

72% Accuracy 84% Accuracy 12%  

Follow-up 

Compliance 

63% 83% 20%  

Verbal 

Redundancy 

during Handoff 

High Low 30%  

 

6.2 Qualitative Feedback and User Insights 
 

The research included both semi-structured in-depth interviews and Likert-scale survey procedures with 42 

clinical users who spanned all hospital sites including resident doctors as well as attending physicians and nurses and 

care coordinators. The research generated these key findings based on thematic analysis. 

Key Themes from Feedback: 

1. Enhanced Cognitive Load Management: 

● “I no longer need to skim through multiple tabs in the EHR; the snapshot shows what matters right away.” 

2. Improved Shift Transitions: 

● “Even cross-covering patients became less risky — I got briefed in under 10 minutes with high accuracy.” 

3. Training Aid for Residents and Interns: 

● “For new interns, this tool became a learning scaffold. It highlighted what a good summary should look like.” 

4. Trust and Transparency: 

● “I like how I can trace each summary point back to the original chart—important for high-stakes cases.” 

5. Areas of Concern 

● Rare but notable limitations in context interpretation, especially in psychiatry and palliative care notes. 

● Occasional over-prioritization of abnormal vitals that were clinically explained or already addressed. 

Table 6:User Satisfaction Survey Results (n = 42) 

http://www.jetir.org/


© 2024 JETIR May 2024, Volume 11, Issue 5                                                                     www.jetir.org (ISSN-2349-5162) 

JETIR2405H53 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org q443 
 

Evaluation Criteria % Positive Response 

Improved clarity during rounds 93% 

Reduced EHR navigation burden 88% 

Trust in summarizer output 81% 

Perceived patient safety improvement 76% 

Willingness to recommend to colleagues 90% 

 

6.3 Comparative Evaluation with Traditional Methods 

 
Two departments conducted a side-by-side evaluation through randomized crossover methodology during the 

study. Clinicians divided their duties across shifts between the standard approach and the GenAI summary tool. 

 

Key Findings: 

 

● Medicarers and patients demonstrated improved information retention during medical presentations through use of 

the summarizer by 28%. 

 

● Progress notes contained fewer duplicate entries because the new system brought integrated auto-snapshot 

referencing. 

 

● The round duration for 12 patients significantly decreased by more than an hour per attending. 

 
Table 7:Comparative Evaluation Summary 

 

Metric Traditional 

Workflow 

Smart Summarizer Improvement 

Avg. Shift Duration 

(12 patients) 

3 hrs 15 mins 2 hrs 12 mins ↓ 1 hr+ 

Recall Accuracy in 

Shift Reports 

67% 85% ↑ 18% 

Duplication in Notes 

(phrases per shift) 

52 31 ↓ 40% 

Incident Reports 

Linked to Handovers 

6 (monthly avg.) 2 ↓ 67% 

 

6.4 Limitations and Considerations 
 

The positive results prevailed across the analysis while some specific limitations became apparent: 

 

● Complicated psychosocial circumstances in clinical notes presented breakdowns during the process of meaningful 

summary creation. 

 

● The system needed further adjustment to identify distinct medical terms used within different departments. 

 

● The users wanted AI snapshots to undergo approval checks through human verification before essential decision 

usage thus confirming the requirement for human oversight. 

 

Clinical communication improved substantially while preparation time decreased and staff members gained 

enhanced confidence involving care decisions through implementation of the Smart Rounds Summarizer. Soft feedback 

combined with the quantitative data indicates that the solution can successfully scale to broader healthcare departments 

and health systems. 

 

 

 

7. Ethical and Regulatory Considerations 
 

http://www.jetir.org/


© 2024 JETIR May 2024, Volume 11, Issue 5                                                                     www.jetir.org (ISSN-2349-5162) 

JETIR2405H53 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org q444 
 

The real-time implementation of AI-driven clinical tools in hospital patient care environments raises distinct 

ethical as well as legal and regulatory concerns. The Smart Rounds Summarizer and Patient Snapshot Generator brings 

numerous benefits to care operations but needs strict implementation of data protection protocols plus algorithmic 

visibility standards and clinical performance oversight standards across health environments. 

 

7.1 Ensuring Data Privacy and HIPAA Compliance 
 

The tool needs to maintain full compliance with HIPAA and GDPR standards because it obtains access to 

Electronic Health Record data which includes sensitive personal health information. The architecture design 

incorporated privacy at its core through these necessary components: 

 

● The platform encrypts patient data through AES-256 from its movement to its full storage 

 

● OAuth 2.0 and JWT tokens for secure user authentication and role-based access control 

 

● Patient information processing limits to necessary data that supports round-level operations according to 

established data minimization policies 

 

● Thesystem tracks audit logs that provide both user identification along with timestamp information and patient 

document accessibility records 

 

The system satisfies GDPR right to explanation through a functionality which enables clinicians to follow each 

summary component back to its original data source including lab values, note paragraphs or order records thus building 

transparency and accountability. 

 

7.2 Explainability in AI-Generated Summaries 
 

The key barrier to clinical AI adoption involves explainability because organizations need systems to provide 

details about their recommendation or summary outputs. Medical personnel require explainer functions because their 

clinical choices lead to immediate patient health outcomes in healthcare situations. 

 

To address this: 

 

● The attention heatmaps visualize relationships between summary items which then connect them to their 

corresponding sections in the source content. 

 

● The application pairs source evidence tags to every generated point such as when the patient shows “Patient 

trending toward hyperkalemia” clinical indicators. 

 

● Users gain access to the AI's preview mode that shows the original sources for confirmation before employing the 

clinical system. 

 

The design fits current emerging regulatory standards of the EU AI Act as well as FDA’s SaMD guidelines in 

requiring systems to be both readable and verifiable by users. 

 

7.3 Avoiding Automation Bias and Preserving Clinical Accountability 

 

The historical utilization of AI for workflow improvements will result in dangerous clinical complications when 

healthcare workers fail to understand AI outputs and automations. Safety measures were included in the summarizer to 

maintain clinical oversight throughout operations. 

 

Seven strategies exist to minimize automation bias potential during healthcare applications. 

 

● The system allows clinicians to edit summaries which must receive their signature until integration occurs within 

official medical records. 

 

● The system deprioritizes multiple repetitive alerts or minimal-risk alerts through an automated process unless these 

automatically generated alerts display negative trends 

 

● The system allows clinicians to detect mistakes and through human-guided reinforcement learning with feedback 

(RLHF) users can improve the training datasets. 
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● System fail-safes enable administrators to display "No Summary" alerts which trigger when incoming data become 

delayed incomplete or ambiguous 

 

The common matter of legal responsibility continues to exist. The system functions as an aid for medical 

decisions yet healthcare decisions rest completely with licensed clinical staff. The organization maintains policies 

together with disclaimers which establish that the tool functions as a support system rather than an authority figure. 

 

Summary 

 

The implementation of the Smart Rounds Summarizer follows these ethical principles: 

 

● Strict compliance with health data regulations 

 

● Commitment to transparency and explainability 

 

● Safeguards against over-reliance on automation 

 

These basic ethical principles will maintain the safety and legal defensibility and trustworthiness of the tool as 

clinical AI regulatory systems continue to develop. 

 

 

 

8. Future Directions 
 

The execution and testing phase of the Smart Rounds Summarizer and Patient Snapshot Generator represents 

an optimistic advancement path for context-aware clinical decision support solutions. The system represents great 

potential for expansion through innovative initiatives that will facilitate broader distribution along with more complex 

abilities and simplified accessibility for various clinical sites. 

 

8.1 Scaling to Outpatient and Emergency Settings 
 

The existing inpatient rounding and handoff focus of the implementation demonstrates significant capability to 

expand this tool for use in outpatient clinics and emergency departments along with primary care settings. An adjusted 

outpatient tool version would produce persistent summaries that document both chronic disease development and 

patient medication adherence and will highlight preventive services deficits across successive appointments. 

 

A real-time summarizer may help emergency department staff make early diagnoses and prioritize patients by 

analyzing intake forms while incorporating triage vital signs and initial laboratory results during the brief decision-

making phase in emergency departments. GenAI becomes operational for emergency purposes through programming 

triage scoring modules and acute severity indicators for quick clinical interventions. 

 

8.2 Multilingual Support and Speech-Based Interaction 

 

Healthcare institutions should expect multilingual GenAI capabilities to become a necessity because of their 

expanding linguistic diversity. The upcoming releases of the summarizer system will implement language localization 

features to deliver local language summaries for medical staff and patients especially important for worldwide 

healthcare settings. 

 

Voice-enabled interfaces are created as a natural extension since they follow user patterns. When staff members 

perform exams hands-free or work in sterile conditions such as operating rooms and isolation units they can access the 

system through voice commands such as “Please display the essential concerns” or “Show the pending consult list.” 

The accessibility gets better and EHR screen dependency decreases when such features are implemented to let users 

have natural human-centered interactions. 

 

8.3 Integration with Predictive Analytics and Decision Alerts 
 

Presently healthcare organizations suffice with summarizations that occur in real time as well as after events 

take place. Moving into future system development the summarizer can integrate predictive modeling capabilities to 

produce information about what has transpired as well as what is anticipated to occur. 

 

Examples of integration include: 
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● Sepsis risk prediction should be integrated within the snapshot presentation. 

 

● The system provides deterioration warning alerts through the analysis of vital signs and laboratory examination 

trends. 

 

● Cost-effective medical care arises from discharge forecasting implemented with artificial intelligence and sustained 

through real-time adjustments according to patient health stability. 

 

The predictive analysis system would integrate into current clinical decision support systems (CDSS) to produce 

proactive warnings rather than static snapshots thus transforming it from a descriptive to a prescriptive tool. 

 

 

 

Long-Term Vision 

 

This tool will progress toward becoming a multimodal clinical copilot that serves clinicians as their evaluation 

partner. 

The essential platform should unite structured and unstructured data sources while using clinician terminology 

along with contextual understanding and forecasting clinical requirements within safe and compliant boundaries. 

 

This development path takes shape with international healthcare advances toward AI-supported care because it 

grants healthcare providers decision-capabilities within safe boundaries of clinical freedom and human connection with 

patients. 

 

 

 

9. Conclusion 
 

This paper created the Smart Rounds Summarizer and Patient Snapshot Generator which serves as a GenAI-

based tool that enhances clinical rounds by transforming real-time patient data into brief summaries for specific 

healthcare roles. The system utilizes transformer-based summarization models to integrate vital signs with laboratory 

results and notes and imaging results and orders to deliver efficient information transfer in rounds and patient handovers. 

Healthcare professionals operating from two major hospitals experienced multiple advantages after implementing the 

system through its pilot phase which decreased work preparation durations while cutting communication mistakes and 

delivering better practitioner satisfaction. 

 

The tool enabled better discharge planning as well as enhanced communication between different medical teams 

to provide improved support for junior medical staff beyond measurement of efficiency metrics. Users reported through 

feedback that the system decreased mental strain while improving outcomes of awareness and helped keep decisions 

both fast and secure. The research showcases the beneficial effect of artificial intelligence merging with clinical skillsets 

since GenAI works as an aid to human decisions instead of replacing them. 

 

The system architecture brings together an open dialogue framework which extends both explainability and 

ethical standards that fulfill HIPAA and GDPR requirements with imposed human-in-the-loop protocols for automation 

bias prevention. The strategic combination of artificial intelligence help with clinician strategic decisions represents a 

critical requirement for responsible high-risk medical environments. 

 

The platform's upcoming development targets healthcare settings beyond emergency rooms and outpatient 

services at the same time it will provide support to multilingual patients while adding predictive healthcare solutions 

for proactive medical care. This tool demonstrates a pathway toward advanced data-driven medical care delivery 

because it supports complex clinical work while making those tasks simpler for practitioners to execute. 

 

The research supports the development of AI-enhanced healthcare which helps clinical staff rather than 

replacing them in their professional duties. The Smart Rounds Summarizer can mature into a fundamental element of 

future clinical workflow infrastructure through ongoing medicinal and regulatory partnership and technological 

enhancement. 
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