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INTRODUCTION 
Pharmaceutical companies invest significant resources to accelerate the delivery of therapeutic solutions. A crucial 

component of this effort is the continuous monitoring of clinical trials to promptly identify and address any issues that 
arise. However, the conventional reliance on Clinical Data Management (CDM) and Biometrics teams for report 

generation can introduce delays, hindering the ability to make swift decisions. By implementing interactive 

dashboards using open-source technologies, clinicians can gain immediate insights into trial progress, enhancing 

data quality and patient safety. 

 

This paper explores an interactive dashboard solution that integrates multiple domains of clinical trial data, providing 

a comprehensive and interactive reporting system. This system enables clinicians to monitor study progress in real-

time, track patient enrolment, distribution of demographics, analyze safety parameters such as vital signs, laboratory 
results, adverse events, and even predict future adverse events using machine learning algorithms embedded in 

Python. 

BACKGROUND 

The clinical research industry has long faced challenges in efficiently managing and analyzing clinical trial data right 
away, as data reports are prepared by Biometrics and Clinical Data Management (CDM) teams. Traditionally, 

clinicians and study investigators relied on static reports generated by Biometrics and CDM often leading to delays in 

accessing crucial information. The growing complexity of clinical trials, coupled with an increasing demand for faster 

drug development, necessitates more dynamic and real-time data visualization solutions. 

Interactive dashboards provide an intuitive platform for clinical researchers to explore study data without needing 

programming expertise. The integration of automated data processing, real-time visualization, and predictive 

analytics enables timely decision-making and improves overall trial efficiency. By leveraging dashboard and Python, 

the proposed solution allows clinicians to derive actionable insights from complex datasets, thereby improving patient 

safety, data accuracy, and study monitoring capabilities. 

TRADITIONAL APPROACH 

Clinicians relied on traditional methods to monitor clinical data in clinical trials and patient care. These methods 

included: 

Manually Assess Data 

Clinicians spend time to assess data using systems such as excel where clinicians can filter the data, develop plots, 

and summarize the data. This method of assessment can be applied to one study at a time which means this process 

need to be repeated whenever there is a data refresh. 

Periodic Site Monitoring Visits 

Clinical Research Associates (CRAs) conducted site visits at regular intervals. They performed Source Data 

Verification (SDV) by comparing site records with trial data. Issues were flagged for correction, but this process was 

time-consuming and costly. 

Static Reports and Spreadsheets 

Like first method, clinicians used static reports (e.g., PDF, Excel) to review patient trends and adverse events. Data 

was analyzed manually, leading to slow detection of potential safety concerns. Lack of real-time updates made 

proactive decision-making difficult. 
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Traditional Statistical Analysis 

Data was sent to biostatisticians for batch processing and analysis. Reports were generated periodically, delaying 
insights into patient safety and trial progress. 

Manual Query Resolution Process 

Data discrepancies were resolved through email chains and phone calls between sites, monitors, and sponsors. This 

resulted in long turnaround times for data cleaning and verification. 

Limited Real-Time Data Access 

Clinicians and trial managers did not have live dashboards for monitoring trial data. They relied on periodic reports, 

increasing the risk of delayed detection of protocol deviations or adverse events. 

Compiling Patient Diaries and Questionnaires 

Patients recorded their symptoms and medication adherence in paper diaries. Data was later transcribed, increasing 

the risk of recalling bias and missing entries. 

Challenges of Traditional Approaches 

Though traditional approaches are reliable, however, following several challenges are associated with these 

traditional approaches. Following are some of the listed challenges: 

Time-Consuming – Manual processes caused delays in decision-making. 

Error-Prone – High risk of transcription and data entry errors. 

Limited Scalability – Not efficient for large-scale trials with thousands of participants. 

Delayed Risk Detection – Safety signals and protocol deviations were often caught late. 

BENEFITS OF DASHBOARDS IN CLINICAL TRIALS 

Instead of waiting for reports from cross-functional teams, which can be time-consuming, clinicians can use 

dashboards to track patient enrollment, adverse events, and treatment responses in real time. Dashboards help 

ensure that enrollment aligns with trial protocols and regulatory guidelines while allowing clinicians to monitor adverse 
events (AEs) and serious adverse events (SAEs) to minimize risks. Additionally, they can detect out-of-range 

laboratory and vital sign parameters. Interactive dashboards enable clinicians to visually analyze trends, biomarkers, 

and treatment efficacy while automating reporting and reducing administrative burden. 

PROPOSED APPROACH 

In this paper, we propose two approaches for developing real-time dashboards: 

• Utilizing open-source technologies like R with the R Shiny package. 

• Leveraging business intelligence tools such as Power BI, Tableau, and others. 

DATA VISUALIZATION AND OPEN-SOURCE TECHNOLOGY 

Generate an interactive dashboard system that will present the results of the study data at near real-time for the 

operational purposes. This system will provide a holistic view of study, country and site startup, maintenance, patient 

recruitment and monitoring activities of the data available in the CTMS (Clinical Trial Management System). 
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ADVANTAGES:  

It is not required to perform the programming or to depend on the Bios and Programming team to get the required 
results. Since this tool will be menu driven it will be very simple and easy to use to present the desired high-end 

(outputs) tables, figures and listings. 

These high-end outputs will be generated on a real-time basis and will be very helpful for the stakeholders for 

insights, assessing potential risks and making further decisions. 

The results will be displayed as a combination of graphs, tables and listings for clear understanding. 

Figure 1: Open-Source Technology Workflow 

 

DASHBOARDS USING TOOLS 

Using tools such as Power BI, Tableau, etc. allows Tableau allows users a friendly, non-code/low-code solution. 

That allows quick and easy dashboard creation. Although, these tools provides quick generation of the dashboard 

there are some limitation such as limited Artificial Intelligence (AI) or Machine Learning (ML) capabilities, limited 

to built-in visuals and Data Analysis Expressions (DAX) for calculations. 

OPEN-SOURCES TECHNOLOGIES Vs DASHBOARD TOOLS  

Each of them has its strengths and weaknesses, depending on your needs. Following table (below) provides a brief 

comparison of the features between tools and Open-Source Platforms. 

  



 
 

4 

Table 1: Dashboard Tools vs Open-Source Technologies 

 

 

Feature 
Dashboard Tools (Power BI, Tableau, Looker, Google 

Data Studio) 

Open-Source Platforms (R Shiny, Apache 

Superset, Metabase, Grafana) 

Ease of Use User-friendly, drag-and-drop interfaces Requires programming & setup 

Customization Limited (depends on the tool) Highly customizable (full control over UI & logic) 

Performance Optimized for business intelligence Can be optimized with coding skills 

Data Connectivity Supports various sources (Excel, SQL, APIs, cloud, etc.) Requires manual database connections 

Advanced Analytics AI-powered insights, built-in ML (Power BI, Tableau) Full flexibility (Python, R, ML models) 

Cost Paid subscription for full features (some free versions) Free (self-hosted), but may have infrastructure costs 

Collaboration Easy sharing (cloud-based, role management) Requires setup for web hosting & user access 

Deployment Cloud-based or on-prem (depends on tool) Self-hosted, cloud (AWS, GCP, etc.) 

 

OUR APPROACH 

Our approach in this paper is to leverage Power BI for developing interactive dashboards that enable clinicians to 

efficiently monitor clinical trial progress and safety assessments. By utilizing Power BI's dynamic visualization 

capabilities, we aim to create interactive plots and real-time data tracking features, allowing clinicians to access up-

to-date insights on patient enrollment, treatment responses, and adverse events. The published dashboard will serve 

as a centralized platform, ensuring seamless access to critical trial data, improving decision-making, and enhancing 

compliance with regulatory protocols. 

BE READY! 

Before initiating dashboard activities, it is crucial to have the dashboards prepared as soon as the clinical study 

protocol and case report forms (CRFs) are finalized. Early preparation ensures that clinicians can seamlessly track 

and analyze trial data without delays, enabling real-time decision-making from the outset. 

 

To achieve this, we recommend leveraging meaningful synthetic data to set up the dashboard framework. Synthetic 

data, which mimics real-world clinical data while maintaining privacy, allows teams to test visualizations, validate 

data pipelines, and ensure all necessary metrics are accurately represented. By collaborating with clinicians during 

this phase, the dashboard can be refined to meet their specific needs, ensuring intuitive navigation and actionable 

insights. 

 

Once real trial data becomes available, the transition to live data integration will be seamless. Clinicians will have 

immediate access to dashboards that visualize key study parameters, including patient enrollment, adverse events, 

treatment responses, and compliance metrics. This real-time access enables proactive monitoring, facilitates early 

detection of safety signals, and ensures adherence to trial protocols, ultimately enhancing the efficiency and success 

of the clinical trial. 
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DATA MODEL AND RELATIONSHIPS 

The dashboard relies on a structured data model where different clinical trial datasets are integrated to form 

meaningful relationships. The relationships between these datasets play a crucial role in deriving insights and 

ensuring the accuracy of the dashboard. 

DATA SOURCES: 

• Demographics (DM) 

• Adverse Events (AE) 

• Vital Signs (VS) 

• Laboratory (LB) 

These datasets were merged to form a dataset to be utilized by Python-based predictive analytics to forecast adverse 

events and integrated with Power BI. 

 
DASHBOARD OVERVIEW AND SHEETS DESCRIPTION 

The dashboard consists of multiple sheets, each serving a specific purpose. Below is a detailed description of each 

sheet: 

ENROLLMENT AND DEMOGRAPHIC OVERVIEW SHEET 

Figure 2: Enrollment and Demographic 

 

DESCRIPTION 

The Demographic Overview Sheet presents an interactive visualization of participant demographics and site 

enrollment data. Key components include: 

• Age and Gender Distribution: Bar charts displaying age groups and donut chart present the gender split 

within the study population. 

• Ethnicity: Donut chart showing the proportion of different ethnic groups. 

• Geographical Site Distribution: A world map highlighting site locations and participant distribution per 

region. 

• Enrollment: Summarize the number of subjects enrolled, distributed by geographical location. 
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• Height, Weight and BMI: Summary of height, weight and BMI. 

These visual elements help clinicians understand the participant population structure and identify demographic trends 

that may influence study outcomes. 

SIGNIFICANCE 

Understanding the demographic composition of clinical trial participants is crucial for ensuring diversity and inclusivity 

in research. By having real-time access to demographic data, clinicians can identify enrolment biases, enrolment 

gaps, and ensure that trial results are generalizable across populations. Additionally, tracking site enrolment trends 

helps in optimizing recruitment strategies and resource allocation. 
 

POST-BASELINE CLINICAL METRICS SHEET – VITAL SIGNS AND LABORATORY RESULTS 

Figure 3: Enrollment and Demographic 

 

DESCRIPTION 

This sheet focuses on tracking changes in patient health metrics over time, utilizing data from the Vital Signs (VS) 

and Laboratory (LB) domains. 

Vital Signs Monitoring:  

• Line Plot:  Line charts tracking key vitals such as blood pressure, heart rate, temperature, and respiratory 

rate. 

• Summary: Summarized results i.e. mean standard deviation, with range (minimum and maximum). 

• Tabular Data: View real time data in table and filter the data as required. 

• Threshold Alerts: Conditional formatting highlights abnormal values that require immediate attention. 

This sheet enables clinicians to track patient health dynamics and assess treatment effectiveness based on real-time 

data trends. 

SIGNIFICANCE 

Monitoring post-baseline clinical metrics is essential for early detection of treatment efficacy and potential side 

effects. The ability to visualize trends in vital signs and lab results enables clinicians to intervene promptly if adverse 
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trends are detected. By comparing data across treatment groups, this sheet supports evidence-based decision-

making, allowing for adjustments in trial protocols and ensuring patient safety. 
 

ADVERSE EVENTS (AE) TRACKING SHEET 

Figure 4: Adverse Events 

 

DESCRIPTION 

The AE Tracking Sheet provides real-time updates on adverse events (AEs) occurring during the trial, with filtering 

options based on demographics and other attributes. 

• AE Table by SOC and PT: A tabular representation of adverse event data categorized by country, system 

organ class (SOC), and preferred term (PT). 

• AE Duration: Tracks the duration of an AE and monitors the cumulative number of AEs occurring up to a 

specific study day across subjects. 

• AE Filtering: Allows filtering of AE data using dropdown menus or interactive chart selections. Multiple 

filters can be applied as needed for in-depth analysis. 

• Customization: Additional visualizations, such as heat maps displaying AE occurrences by body system, 
can be incorporated to identify trends in adverse reactions. 

This sheet facilitates early detection of safety concerns and allows clinicians to investigate potential risk factors 

contributing to adverse events. 

SIGNIFICANCE 

Tracking adverse events in real-time enhances patient safety by allowing clinicians to identify patterns and 

correlations between demographics, treatment exposure, and AE severity. The ability to filter events by key 

demographic features helps in understanding differential treatment effects across diverse populations. Early AE 

detection ensures timely interventions, reducing patient risk and enhancing regulatory compliance. 

PREDICTIVE ANALYTICS AND MACHINE LEARNING SHEET 

DESCRIPTION 

One of the most innovative aspects of this dashboard is its integration with Python-based predictive analytics to 

forecast adverse events. 
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• Incident Rate Calculation: Python scripts analyze historical AE data to calculate incidence rates for 

different patient groups. 

• AE Prediction Model: Uses decision tree models to predict whether a participant is likely to experience an 

adverse event based on prior health records and exposure data. 

• Probability Distribution of AE Types: A confusion matrix displays the likelihood of specific AE types 

occurring in a patient. 

• Risk Stratification Scores: Patients are categorized into high-risk, medium-risk, and low-risk groups for 

proactive monitoring. 

This sheet empowers clinicians with foresight into potential risks, allowing them to take preventive measures before 

adverse events occur. 

SIGNIFICANCE 

Integrating predictive analytics into clinical trial monitoring revolutionizes risk management by enabling proactive 

patient care. The ability to predict the likelihood of adverse events allows clinicians to personalize interventions, 

adjust dosages, or modify treatment strategies. Risk stratification ensures that high-risk patients receive closer 
monitoring, reducing complications and improving overall trial success rates. This feature aligns with the growing 

trend of precision medicine and data-driven decision-making in clinical research. 

IMPLEMENTATION AND BENEFITS 

Implementing this interactive dashboard involves collaboration between data scientists, clinical researchers, and 
regulatory experts to ensure compliance with study protocols. The key benefits of this system include: 

• Eliminating Dependency on CDM and Biometrics Teams: Clinicians can directly access and analyze 

data without needing statistical programming expertise. 

• Faster Decision-Making: Instant access to trial metrics enables rapid identification of trends and deviations. 

• Improved Patient Safety: Predictive analytics provide early warnings about high-risk patients, allowing for 

timely interventions. 

• Efficient Monitoring: Real-time tracking of study progress enhances operational efficiency and regulatory 

compliance. 

CONCLUSION 

Interactive dashboards offer a transformative approach to clinical trial monitoring by empowering clinicians with real-

time data and predictive insights. By leveraging visualization capabilities and Python’s machine learning algorithms, 

this solution enhances efficiency, data accuracy, and patient safety. Future enhancements may include integrating 

NLP-based chatbots for automated report generation and AI-driven anomaly detection for further risk mitigation. 

This framework aligns with the evolving landscape of clinical data analytics and provides a scalable solution for 

improving trial oversight and decision-making processes.  
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