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Abstract

Background: The early and accurate detection and diagnosis of diseases play a crucial role in impeding 

disease progression and guiding appropriate treatment selection. Complex disease such as autoimmune 

diseases (ADs), often present nonspecific symptoms that can overlap also with other conditions, leading 

to misdiagnosis. Medical software, known as clinical decision support systems (CDSS), is used by 

clinicians to categorize patients based on specific criteria. However, existing CDSS implementations, 

generally developed within individual hospitals, are often limited to specific data types, and reflect 

questionnaires that do not take advantage of machine learning (ML) methods for detection and prediction 

of complex patterns. Methods: To address this gap, we developed Personalis as a proof-of-concept 

medical software that integrates various modalities of medical datasets and applies ML models to target 

hospital datasets and disease-target specific prediction tasks within a unified software environment. The 

platform has been run with real-world data to investigate the potential of this proof-of-concept medical 

software in providing early clinical support for the personalized prediction of specific autoimmune 

diseases in individual patients. These intermediate results have been implemented to redesign the front-

end to enhance user-experience, and serve the conveyed clinical needs and expectations. Results: 

Personalis is a proof-of-concept medical software that demonstrated the feasibility of integrating various 
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data modalities and machine learning methods to support clinicians in the diagnosis, treatment or 

management of individual patients with autoimmune diseases. By leveraging ML methods, Personalis 

provided prediction with a certain accuracy of a specific autoimmune disease for an individual patient, 

highlighting factors that contributed to the prediction results. Explainable machine learning made the 

models’ decisions understandable to humans, and the resulting factors were further used to provide 

additional clinical insights beyond the disease prediction accuracy metric. The platform was designed 

considering user-experience and human factors to enable actionable clinical practical adoption. Its results 

may provide hints on the prognosis assessment by selecting a specific patient record. Conclusions: 

Personalis provides a proof-of-concept medical software for integrating heterogeneous clinical data with 

configurable ML-based prediction and interpretation workflows for autoimmune diseases. It offers a 

mechanistic overview of the parameters that mostly influence the prediction of the machine learning 

models, therefore providing interpretable results and mechanistic insights essential to model transparency. 

The potential of the medical software Personalis is be extended to several diseases, and support in cases 

of challenging differential diagnoses.

INTRODUCTION

Autoimmunity encompasses a broad spectrum of syndromes and diseases in which the immune system 

erroneously targets and attacks healthy cells and tissues. This complex phenomenon manifests in various 

human organs and tissues, giving rise to a diverse range of ADs. ADs can exhibit systemic 

manifestations, as observed in systemic lupus erythematosus (SLE) and rheumatoid arthritis (RA), or 

display organ-specific involvement, as seen in diseases like Graves' disease and type 1 diabetes. These 

conditions represent intricate immunological dysregulation, and necessitate comprehensive understanding 

and targeted therapeutic interventions for effective disease management1. It can be particularly difficult to 

diagnose autoimmune disorders precisely and early due to their diverse clinical manifestations depending 

on the site of the autoimmune attack to any of the organs or tissues in the body2. Given the rise in 

prevalence and incidence of such disorders globally, the chronic nature of autoimmunity, and the 

associated high burden of monitoring and treatment due to the personal course of disease and 
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personalized response to therapeutics, novel technologies to care require immediate attention3. Current 

challenges such as dissecting the heterogeneity of ADs at the molecular and genetic levels, and 

identifying biomarkers for individualized diagnosis and treatment4, can be addressed by leveraging 

modern digital technologies. These techniques, including machine learning (ML), could support clinicians 

in practice and research with patients who present signs and symptoms from various potential 

diseases/etiologies, and that may require a distinct and sometimes divergent approach to management5. 

Digital tools such as medical software, commonly known as clinical decision support (CDSS) platforms, 

have the potential to alleviate the diagnostic odyssey and support specialists as well as unfamiliar general 

practitioners, especially in cases of limited access to specialist care and for patients with rare autoimmune 

disorders6.

Medical software plays a crucial role in supporting clinical practice to leverage data analytics on medical 

data, especially in cases of large-scale molecular and cellular datasets, and use Electronic Health Records 

(EHR) to provide valuable clinical insights on the patient health status7,8. CDSS encompass a wide range 

of applications in medical care, from minimizing drug-drug interactions, to providing dose guidance, and 

highlighting critical care values for blood sugar levels9,10. Furthermore, it has been demonstrated that their 

use enhanced diagnostic accuracy for specific diseases and improved adherence to guideline 

recommendations lead to favorable clinical outcomes. For instance, in adults with conditions like heart 

failure, reduced exacerbations, improved quality of life, better patient-reported outcomes, and lower 

mortality rates could be achieved11. These findings emphasize the effectiveness of CDSS in improving 

diagnostic precision, treatment adherence, and overall patient outcomes.

CDSS are categorized into different classes based on various criteria. The most common classification 

divides CDSS into knowledge-based and nonknowledge-based systems12,13. Knowledge-based systems 

rely on rules (e.g., if–then) to evaluate input data and generate corresponding outputs or actions that 

simulate human thinking. On the other hand, nonknowledge-based systems use artificial intelligence (AI) 

techniques, such as ML or statistical methods, to learn from past experiences for pattern recognition to 

make decisions, rather than relying solely on expert knowledge. By incorporating AI techniques, these 
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systems can identify patterns in clinical data14. Although they share similar components, slight variations 

in these components result in a wide range of possibilities. CDSS are a subset of Decision Support 

Systems (DSS) used in the medical field15. They are primarily distinguished based on: i) the timing of 

support provided (before, during, or after clinical decision-making), ii) whether they offer active alerts or 

respond passively to physician input, and iii) the underlying foundation on which they are built8. Despite 

the pressing need for high-quality decision support, CDSS encounter various challenges such as: the 

amount and complexity of data available, data management issues, regulatory compliance, and a lack of 

user-friendliness. These challenges need to be addressed to enhance acceptance in practice and provide 

validated support to physicians16. To address these challenges, we developed Personalis as a configurable 

proof-of-concept CDSS that integrates heterogeneous clinical datasets, dataset-specific preprocessing 

protocols, multiple ML classifiers, prediction workflows, and model-result visualization within a single 

software environment with a user and access management administration interface. Rather than 

implementing a single disease- or model-specific prediction pipeline, Personalis provides a common 

architecture in which different datasets, prediction disease targets, and ML models can be configured and 

applied through the same workflow.

METHODS

Data

Dataset I. The Lupus BioBank of the upper Rhine valley (LBBR) database contains an extensive 

collection of clinical and biological data from a cohort of 1300 patients diagnosed with diverse 

autoimmune disorders. This database encompasses vital information, including serum, plasma, DNA, and 

cell samples. The patients included in the database were identified as having conditions such as systemic 

lupus erythematosus (SLE), discoid Lupus erythematosus (DLE), and systemic sclerosis (SS). To compile 

this dataset, collaborative efforts were undertaken with 17 hospitals located within the upper Rhine valley 

region, which spans both France and Germany. The LBBR, contains approximately 1000 patients 

exclusively diagnosed with SLE who fulfil the ACR classification criteria. Additionally, 300 patients with 
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SLE and other autoimmune diseases, recruited through the RARENET project, contribute to the dataset's 

diversity and richness.

Dataset II. The dataset used in the Rheuma-Vor App (RAPP) consists of clinical information collected 

through a questionnaire completed by physicians as previously described17. This dataset includes data 

from 815 patients who presented symptoms related to rheumatic disease. The questionnaire consists of 

seventeen specific questions aimed at either confirming or ruling out suspicions of three autoimmune 

diseases: rheumatoid arthritis (RA), axial spondyloarthritis (SpA), and psoriatic arthritis (PsA). These 

diseases are prevalent inflammatory joint conditions that present significant diagnostic and treatment 

challenges for rheumatologists18.

Dataset III. Bead-based multiplex assays were utilized to quantify the concentrations of cytokines, 

chemokines, immunoglobulins, and other biomarkers in order to elucidate their expression profiles in 

patients with SLE. The obtained serum data was subjected to analysis using the BioLegend 

LEGENDplex™ Data Analysis Software. The resulting outcomes are reported as concentrations 

expressed in picograms per milliliter (pg/mL), unless explicitly stated otherwise. The data presented in 

this study was derived from a sample size of 23 patients diagnosed with SLE.

Software Development

The software structure of the Personalis platform was implemented using the MEAN stack, an open-

source JavaScript software stack comprising multiple individual software solutions. This stack offers the 

notable advantage of enabling the development of both server-side (e.g., the hospital data center) and 

client-side (the clinical interface) code using a unified programming language, JavaScript. By harnessing 

the capabilities of these contemporary, versatile, and open-source components, the MEAN stack emerges 

as an appropriate solution for the platform's development. Supplementary Table S1 provides an 

overview of the key components in the stack, including Angular, Express.js, Node.js, and MongoDB19. 

The MEAN stack provides a unified and efficient environment for the development of sophisticated 

websites and web applications, streamlining workflow processes, and leveraging the developer-friendly 

nature of JavaScript, which encompasses support for object-oriented principles and asynchronous 
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programming paradigms. Moreover, the complete application can be executed within a fully modular and 

dockerized environment, accompanied by a secure NGINX reverse proxy server.

The document schema refers to JSON objects utilized to establish the structure and composition of 

documents within a collection. It serves the purpose of specifying a desired set of fields or configuring the 

contents of a field. In this project, a schema was meticulously crafted for each dataset, delineating the 

obligatory and permissible fields. Leveraging the capabilities of Mongoose, a data model can be 

generated based on the prescribed schema, aligning with the intended model representation. These models 

facilitate the creation and retrieval of documents from the MongoDB database, where an individual 

instance derived from a model is termed a document. Thus, models assume the responsibility of managing 

the generation and retrieval operations pertaining to documents within the MongoDB collection.

Machine Learning

The datasets served as the basis for a series of supervised machine-learning analyses. Model performance 

was assessed using cross-validation, allowing the predictive behavior of the classifiers to be evaluated 

across the available labelled samples. This approach allows for the comparison of the applicability of a 

model to a specific dataset, as models can perform differently depending on the provided data. Internal 

model performance was quantified from the cross-validation predictions using accuracy, precision, recall 

(sensitivity), F1-score, and ROC-AUC; a confusion matrix was additionally generated for each 

classification task. Binary and multiclass classification tasks were implemented depending on the 

prediction target. For multiclass tasks, including the RAPP disease classification, precision, recall, and 

F1-score were calculated using micro averaging, while ROC-AUC was calculated from class probabilities 

using a one-vs-one multiclass formulation. The prediction target was defined according to the selected 

dataset and analysis task and included both binary clinical outcomes and multiclass disease 

classifications.. The analysis employed supervised learning techniques, including random forest (RF), 

logistic regression (LR), stochastic gradient descent classifier (SGD), neural network (NN), and support 

vector machine (SVM), combined with dataset-specific preprocessing within a scikit-learn pipeline. 

Numeric predictors were processed using four-nearest-neighbor imputation followed by standard scaling. 
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Categorical predictors were imputed using a constant missing-value category and subsequently one-hot 

encoded, with previously unseen categories ignored. These preprocessing steps were included within the 

machine-learning pipeline and were therefore fitted separately within each cross-validation training fold. 

Class imbalance was addressed using class_weight="balanced" for the RF, LR, SGD, and SVM 

classifiers, whereas no explicit class-imbalance correction was applied to the NN classifier. No over- or 

undersampling procedures were used. For internal performance estimation, all available labelled samples 

contributed to the cross-validation procedure, with each sample predicted by a model fitted without that 

sample. After cross-validation, the final pipeline was fitted on all available labelled samples for 

subsequent patient-level prediction. Model performance was internally assessed using out-of-fold 

predictions generated by cross-validation over the available labelled samples. To ensure the inclusion of 

as much relevant information as possible, all applicable records in the database that can contribute 

towards a result are utilized once a model is trained. This approach accommodates the variations in 

sample sizes across the datasets and maximizes the utilization of available training data for accurate 

classification.

To provide a standardized quantitative assessment of the implemented classifier families, one 

representative prediction target was evaluated for each dataset: discoid lupus for LBBR, disease class 

(None, RA, PsA, or SpA) for RAPP, and discoid lupus for the Cytokine dataset. Samples without an 

observed target value were excluded. Fixed predictor sets were used, excluding the prediction target, 

administrative identifiers, and variables identified as direct target-derived or diagnostic proxies; the 

predictor and exclusion lists and hyperparameter search spaces used for the standardized evaluation are 

provided in Supplementary Table S2. Model performance was assessed using nested stratified cross-

validation. For LBBR and RAPP, five outer folds and five inner folds were used, whereas three outer and 

two inner folds were used for the smaller Cytokine dataset. Hyperparameters were selected by accuracy 

within the inner cross-validation using only the respective outer-training data. All preprocessing steps, 

including missing-value imputation, scaling, and categorical encoding, were fitted within the training 

folds. Performance metrics were calculated from the pooled outer-fold out-of-fold predictions, ensuring 
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that each evaluated sample was predicted by a model that had not been trained on that sample. Accuracy, 

precision, sensitivity/recall, specificity, F1-score, and ROC-AUC were calculated; for the multiclass 

RAPP task, macro-averaged metrics were used. A DummyClassifier based on class priors was included as 

an evaluation-only baseline. Ninety-five percent confidence intervals were obtained from 2,000 class-

stratified bootstrap resamples of the pooled out-of-fold predictions. For each bootstrap sample, the 

respective performance metric was recalculated, and the 2.5th and 97.5th percentiles of the resulting 

distribution were used as the confidence limits.

RESULTS

We developed the web-based clinical decision support platform “Personalis” for the integration and 

analysis of heterogeneous medical datasets in autoimmune diseases. The platform combines data 

management, configurable machine-learning workflows, patient-level prediction, and visualization of 

model outputs within a unified software environment (Figure 1). The objective of the platform is to 

support the exploration and interpretation of patient data and to provide a flexible framework for clinical 

decision-support research.

Figure 1. Schematic overview of the Personalis platform and its workflows. The diagram illustrates the 

main components involved in platform implementation and use, including data integration and 

management, user and administrator interactions, and the machine-learning workflow. The arrow 

indicates the simplified relationships and flow of information between the respective platform 

components and clinician stakeholders.
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A non-relational database integrates various clinical data modalities

In the development of the platform prototype, we have integrated MongoDB, a renowned NoSQL 

database, to make the most of its capabilities in storing and managing data efficiently. Through the 

strategic use of MongoDB's NoSQL architecture, we have harnessed its inherent strengths, leveraging a 

flexible and adaptable data structure that deviates from the limitations imposed by traditional SQL 

databases. This pivotal decision has granted the platform a remarkable degree of versatility, as the 

MongoDB's non-relational data structure facilitates seamless scalability through the integration of 

additional servers to accommodate the ever-expanding and evolving datasets. The diversity of data 

available for the platform encompasses a wide array of sources, ranging from patient-generated clinical 

data collected during hospitalization to human genetic sequencing data. Furthermore, the collaborative 

nature of the platform invites continuous contributions, ensuring that novel datasets are consistently 

incorporated into the database over time. To ensure optimal organization and accessibility, we have 

devised a meticulous preprocessing pipeline that harmonizes and standardizes the disparate data sources, 

resulting in the establishment of a comprehensive spreadsheet format. This curated dataset is securely 

stored on a dedicated server, serving as a permanent backup repository, safeguarding its integrity and 

availability. Empowered by this robust infrastructure, the platform opens new frontiers for exploration 

and analysis, leveraging advanced ML models to unlock valuable clinical insights and propel 

advancements in personalized healthcare.

Considering the sensitive nature of the data managed by the platform, stringent measures were 

implemented in collaboration with experts from the Swiss Institute of Bioinformatics to fortify data 

security and protect against unauthorized access and misuse. By leveraging secure connection protocols 

and implementing user authentication mechanisms, access to the platform is granted only through 

approved user accounts administered by an authorized administrator. Additionally, to enhance data 

privacy, all user data is encrypted within the system. Sensitive information such as passwords is stored in 

a hashed format, mitigating the risk of data breaches and ensuring the confidentiality of user information. 

These measures ensure a high level of confidentiality and privacy for the data, mitigating risks and 
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safeguarding against potential breaches. Additionally, by implementing the offline hosting capability, 

Personalis can be hosted on a local server without reliance on external cloud providers or similar services. 

This further enhances the platform's security and data privacy, providing an additional layer of protection 

for sensitive information.

A resilient and efficient back-end infrastructure

For the realization of the Personalis platform, a strategic combination of Express.js and Node.js 

technologies were leveraged to create a robust back-end infrastructure. Express.js, a prominent back-end 

web framework for Node.js, was employed to streamline the process of web application development by 

providing a more user-friendly interface compared to Node.js itself. By harnessing the extensive 

functionalities offered by Express.js, we were able to construct a powerful web server, establish efficient 

routing mechanisms, and seamlessly integrate middleware to intercept and manipulate incoming requests 

before proceeding with further processing.

Node.js, on the other hand, served as the underlying server-side platform, enabling the execution of 

JavaScript code beyond the confines of a web browser environment. Renowned for its asynchronous and 

event-driven architecture, Node.js offered a scalable runtime environment tailored for building network 

applications. Within this project, Node.js played a pivotal role in handling incoming requests, generating 

appropriate responses based on the nature of the request, executing server-side commands, and facilitating 

seamless interactions with both the database and script files. By utilizing Express.js and Node.js in a 

harmonious symbiosis, we have optimally harnessed the capabilities of these technologies to establish a 

resilient and efficient back-end infrastructure for the Personalis platform. This strategic integration 

empowers the platform to deliver exceptional performance, scalability, and interactivity, enabling 

seamless communication between the front-end and back-end components while ensuring optimal 

utilization of resources and facilitating a seamless user experience.

User authentication ensures proper data management and robust security

The platform ensures robust security through user authentication and the implementation of secure web 

protocols to mitigate unauthorized access, including the utilization of a reverse proxy that selectively 
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directs valid client requests to the backend (Figure 2, Supplementary Table 2). Furthermore, security 

measures are enhanced by segregating data storage and presentation within the browser and utilizing 

REST for information transfer. The adoption of a non-relational database enables scalability and 

flexibility in data capacity. In cases where datasets undergo modifications, necessary adjustments to the 

database or collections can be easily accommodated with minimal effort. These measures collectively 

enhance the platform's security, adaptability, and data management capabilities.

Figure 2. User and access management administration interface of the Personalis platform. The 

administrator view provides access to user profiles and their assigned workgroups and roles, which 

determine the corresponding access permissions within the platform. The navigation panel also provides 

access to the administration of workgroups, datasets, and machine-learning models. Supplementary Table 

S3 summarizes the actions available to the respective user roles.

Machine learning model evaluation shows prediction of autoimmune diseases

Personalis implements multiple supervised machine-learning classifiers to generate dataset- and disease 

target-specific predictions from the medical data integrated into the platform (Figure 3, Supplementary 

Table S3). To quantitatively assess the implemented classifier families, we performed an internal nested 

cross-validation evaluation using one representative prediction task from each retrospective dataset 

(Figure 4, Supplementary Table S4). For LBBR, model performance showed a clear trade-off between 
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sensitivity and specificity. Random forest (RF) models achieved an accuracy of 0.800 and a specificity of 

0.948; however, sensitivity was 0.216. Logistic regression (LR) showed lower accuracy (0.726) and 

specificity (0.808) but higher sensitivity (0.403) compared to the other models. The LBBR accuracy 

values should be interpreted in the context of class imbalance, as the DummyClassifier function 

achieved an accuracy of 0.797 while showing no sensitivity (zero) for all positive class. For the multiclass 

RAPP task, RF achieved an accuracy of 0.538 and a macro ROC-AUC of 0.756, compared with 0.481 

and 0.495, respectively, for the DummyClassifier. Performance estimates for the Cytokine dataset 

were substantially more uncertain because only 18 samples were available; for example, support vector 

machines (SVM) achieved an accuracy of 0.667 (95% CI 0.444–0.889) and a ROC-AUC of 0.639 (95% 

CI 0.375–0.875). Overall, the evaluation illustrates that the classifier performance and the balance 

between different performance measures varied substantially across datasets and models. These results 

show the strong diagnostic utility potential of the Personalis medical software, and its’ ability to 

accommodate several machine learning models. However, they also demonstrate ML limitations 

primarily related to the small dataset constrains and target class imbalance.

To ensure flexibility and adaptability, we have designed the platform to allow users to create and 

customize their own ML models according to the selection of RF, LR, stochastic gradient descent (SGD), 

neural networks (NN) and SVM models. By providing a user-friendly interface, clinicians and researchers 

can define the classifiers and target variables that align with their specific research objectives and medical 

domain (Figure 4). This empowers users to tailor the models to their unique needs and explore the 

potential relationships and patterns within their data.
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Figure 3. Database selection and predictor determination process involving the evaluation of multiple 

predictors for autoimmune disorders. The interface allows users to select the dataset and the prediction 

target, and to define the predictor variables used for the machine-learning analysis. The displayed options 

illustrate how dataset-specific prediction tasks can be configured before model training for patient-level 

prediction.

To facilitate efficient analysis and generate predictions, we have developed a robust infrastructure that 

incorporates pre-processing and storage of the medical data on a dedicated server. This ensures that the 

data is transformed and prepared in a standardized format, optimizing the compatibility with the ML 

models. By employing best practices in data pre-processing, such as data cleaning, normalization, and 

feature extraction, we strived to enhance the quality and reliability of the predictions generated by the 

platform. Once the ML analysis is performed, the results are seamlessly transmitted back to the user. In 

order to enhance the interpretability and accessibility of these results, we have implemented a detailed 

visualization module within the application as guided by design principles and intermediate user testing 

interviews. This module provides a comprehensive overview of the predictions, highlighting important 

features and potential differences in the expression of individual values. This visualization provides users 

with information on the model prediction and the features contributing to the corresponding output, 
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thereby supporting interpretation of the model results. These are actionable insights that can guide further 

ML analyses and clinical investigations; therefore, they empower users, inform their clinical decision-

making, and have the potential contribute to improved patient outcomes.

Figure 4. Prediction result interface of the Personalis software. This view displays the selected dataset 

and machine learning model, and the resulting patient-level prediction and model’s evaluation metrics. 

Additional panels provide information on model confidence and features’ importance to support 

interpretation of the generated disease prediction.

Discussion

The accurate identification and diagnosis of autoimmune disorders pose a significant challenge due to 

their complex symptoms and diverse data types employed in the diagnostic process. CDSS emerged as a 

crucial solution in addressing this challenge by providing essential assistance and guidance to healthcare 

professionals. CDSS harnesses specific data types and use advanced algorithms, including ML, to 

effectively analyze intricate patient data, thereby aiding in the prediction, diagnosis, and treatment of 

ADs20,21. Integrating medical software into clinical practice yields numerous benefits, such as improved 
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decision-making, enhanced diagnostic accuracy, and optimized patient care within the realm of ADs. 

Moreover, the implementation of new data using CDSS, ML, and data schemata was made feasible 

through the innovative Personalis software. This platform enables the analysis of complex data for disease 

prediction, and ensures rapid access to the desired information and results. However, the current 

implementation has several methodological limitations. Preprocessing is dataset-specific and includes 

fixed missing-value handling strategies that may require adaptation when applied to new clinical data 

sources. Class imbalance is addressed using model-specific strategies, with balanced class weights 

applied to RF, LR, SGD, and SVM, while the NN is trained using its standard unweighted configuration. 

Feature handling relies on dataset-specific rule-based filtering rather than a dedicated statistical feature-

selection procedure. On the other hand, the platform supports optional grid search cross-validation 

GridSearchCV-based hyperparameter tuning. Model performance is currently estimated using internal 

cross-validation, while validation in independent held-out or external cohorts remains an important next 

step for assessing model generalizability. The case-study internal evaluation showed a substantial 

variation in performance across datasets and metrics. In LBBR, relatively high accuracy and specificity 

coincided with low sensitivity, while the class-prior baseline achieved similar accuracy, highlighting the 

limitations of accuracy alone for this imbalanced data, and the importance of additional clinical data. The 

RAPP dataset showed a clearer discrimination beyond the baseline, particularly with the RF model, 

whereas cytokine performance estimates were highly uncertain because of the small sample size. These 

findings highlight the usefulness of the flexibility to select multiple performance measures and baseline 

comparisons when interpreting a model’s performance. Despite these limitations, its ability to seamlessly 

integrate new data distinguishes it from existing solutions20,21 and sets it as a proof-of-concept in medical 

software for autoimmune diseases. A specific advantage of the application to the autoimmune diseases 

case study is that the Personalis software captures a clinical signal; in fact, most machine learning 

limitations of the present prototype is the limited sample size of some datasets, particularly the biomarker 

dataset. Larger and independent cohorts will be needed to obtain more robust estimates of model 

performance and generalizability.
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Additionally, the Personalis user-friendly interface, reflects research results on user-experience and 

human factors embedded in its design. These are generally overseen by scientifically metric-heavily 

focused solutions: it empowers users to perform complex analyses with ease, further facilitating efficient 

clinical decision-making and patient management. In clinical practice, physicians encounter demanding 

situations while treating a diverse patient population with varying conditions, comorbidities, and 

treatment plans. To effectively assist in these scenarios, support tools must exhibit exceptional user-

friendliness, adaptability to individual settings, high interoperability, and robust risk management similar 

to medical devices. However, the frequent use of alert systems can result in alert fatigue, leading to 

increased disregard of suggestions by users. This fatigue engenders a negative perception that impedes the 

acceptance of potentially more user-friendly technologies20,22. Personalis implements a clear user-driven 

flow of information.

The implementation of CDSS in healthcare settings raises also foreseeable legal challenges, including 

adherence to professional standards, testing requirements, liabilities, and data protection regulations. 

Overcoming these challenges requires translational research with explicit patient consent, establishing 

clear legal responsibilities, and informing patients about data usage and storage choices. Additionally, 

anticipating and adapting to future regulatory aspects is crucial for addressing the legal challenges 

associated with CDSS implementation23,24. Furthermore, a significant challenge lies in effectively 

harnessing unstructured and incomprehensive data, which constitutes a substantial proportion of the data 

found in clinical care documents25. These are limitations needed to address for further adaptations of the 

Personalis prototype in order to achieve regulatory-ready, accurate and reliable results across datasets.

Conclusion

The development of the Personalis medical software platform represents an advancement in the field of 

CDSS for the diagnosis and treatment of ADs. By integrating diverse medical datasets with configurable 

ML models, Personalis enables dataset- and target-specific prediction workflows for patient-level 

diagnostics and provides a framework for exploring their potential use in clinical decision support of 

several diseases. This prototype represents a proof-of-concept for medical software. Its inter-disciplinary 
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format ranging from integrating various clinical data types, from various hospital sources (from various 

languages, legal and IT systems), satisfying main principles of software engineering, applying multiple 

machine learning models as case-studies, and, at last, integrating user-experience research results as a 

layer reflected in the ultimate design, can limit an in-depth and detailed presentation of specific aspects of 

this study–such as data handling, or specific prediction results of one or the other ML model. Despite the 

ambitious breadth of this CDSS platform, its nonknowledge-based approach, coupled with its user-

friendly interface, empowers healthcare professionals to customize and create their own ML models, 

enhancing flexibility and adaptability.

One of the major hurdles for using CDSS in the past was the complex implementation and adaptation of 

the system to different datasets. However, this challenge has been overcome through the utilization of 

modern frameworks and data schemata. Personalis is a personalized medical software platform designed 

to support the analysis and interpretation of patient data within a clinical decision-support framework. 

The platform enables easy access to large datasets from various sources, which can be seamlessly 

combined onto a single software. With a few clicks, the platform outputs predictions, provides a list of 

transparent weighted features where these predictions were drawn from, and can provide support to 

physicians in patient diagnoses, and treatment strategies. The implementation of the software as a web-

based application, makes it accessible across multiple devices; its adaptability and optimization 

capabilities make it customizable as needed in healthcare facilities.

Through rigorous data management practices, including the use of a scalable MongoDB database for 

structured data storage and the implementation of robust security measures, such as user authentication 

protocols and encrypted communication, Personalis ensures the confidentiality and integrity of patient 

data. Nevertheless, the results of its use remain largely dependent on the clinical question, data quality, 

and hospital settings. The platform's unified open-source stack solution, powered by Express.js and 

Node.js technologies, facilitates seamless communication between front-end and back-end components, 

ensuring optimal performance and scalability. The data preprocessing and standardized formatting, 

combined with the detailed visualization of results, enables Personalis to provide clinicians and 
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researchers with actionable insights to support clinical decision-making and improve patient outcomes. 

Overall, the Personalis platform may represent a valuable tool in the ongoing efforts to enhance the 

detection, diagnosis, and treatment of complex ADs.
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