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Abstract
Explainable clinical outcome prediction on structured patient data is increasingly important for healthcare
applications, as clinicians require not only accurate predictions but also transparent and actionable explanations.
The explainable tabular clinical decision support system (XTab-CDS) is a modular framework explicitly designed
to support explainable AI (XAI) in clinical decision support systems. It separates dataset preprocessing, model
integration, and explanation generation into configurable adapters, allowing researchers and clinicians to plug in
different models and explanation methods without modifying the core infrastructure. With cochlear implant
outcome prediction as demonstration, we show how domain-specific adapters and pluggable explainers such
as SHapley Additive exPlanations (SHAP) can be integrated. The framework also supports alternative explain-
ability methods, both model-specific and model-agnostic, and provides a web-based interface with interactive
visualizations and clinician feedback. The source code is available at https://github.com/aix-group/hear-ui/.
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1. Introduction

Machine learning–based clinical outcome prediction has the potential to improve patient care by
providing accurate probability estimates for different outcomes. However, beyond predictive accuracy,
clinicians require transparent, interpretable, and actionable explanations that can be directly used in
their workflows [1]. This need has driven the development of explainable AI (XAI) methods, which
show the reasoning behind model predictions.

Existing XAI solutions in healthcare are often tightly coupled to specific datasets, models, and expla-
nation methods, which limits their reuse across different medical domains [2, 3]. XTab-CDS (explainable
tabular clinical decision support system) addresses this limitation by providing a lightweight, modular,
explainability-centered framework where dataset preprocessing, model integration, and explanation
generation are separated into configurable adapters. This design enables seamless integration of different
clinical prediction tasks and different explanation requirements using the same backend and frontend
infrastructure. With cochlear implant outcome prediction as our demonstration use case, we show
how domain-specific adapters and pluggable explainers such as SHAP [4] can be incorporated without
modifying the core system. The framework is explanation-, task-, and model-agnostic, making it a
flexible platform for structured clinical datasets. By emphasizing XAI from the start, XTab-CDS ensures
that predictions are not only accurate but also transparent and interpretable for clinical users, fostering
trust and actionable decision support. The reference implementation is available as an extensible Python
package with modular explainers and a REST API.
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2. Related Work

As clinical decision support systems become increasingly data-driven, transparent and inspectable
reasoning has been identified as essential for safe and responsible deployment [1]. Trust, accountability,
and clinician oversight are central requirements for the integration of AI into medical practice [2, 3].
Effective clinical decision support systems must additionally integrate into existing workflows and
provide recommendations at the time and location of decision-making [5, 6].

A wide range of explanation methods has been proposed to improve model interpretability. Feature-
attribution techniques such as SHAP [4] and Local Interpretable Model-agnostic Explanations (LIME) [7]
provide local explanations for individual predictions. Beyond individual methods, dedicated XAI
frameworks facilitate the systematic application of explainability techniques across different model
architectures. A recent benchmarking study by Le et al. [8] identifies Captum [9] and Quantus [10] as
comparatively mature toolkits, highlighting their support for diverse data modalities and a broad range
of explanation methods.

Most existing XAI methods and toolkits, however, primarily target model development and offline
evaluation. In contrast, clinical decision support applications must also address maintainability, valida-
tion, and reproducibility considerations [3]. From a software engineering perspective, containerization
technologies such as Docker [11] and modern Continuous Integration/Continuous Deployment (CI/CD)
practices support reliable deployment and version control in regulated environments. Nevertheless,
few systems explicitly decouple dataset preprocessing, model integration, and explanation generation
in a manner that enables reuse across heterogeneous clinical prediction tasks.

In contrast to prior work that primarily advances explanation algorithms or develops task-specific
intrinsically interpretable models, XTab-CDS focuses on operational integration. By separating data
adapters, model adapters, and explainer adapters within a unified backend and frontend architecture,
the framework enables systematic comparison of explanation methods while remaining reusable across
different clinical datasets. Rather than proposing a new explainability technique, XTab-CDS provides
a modular infrastructure for embedding existing XAI methods into standalone, deployable clinical
decision support applications.

3. Framework Architecture
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Figure 1: Architecture overview. XTab-CDS consists of frontend, backend, and a database tier. The backend
contains adapter interfaces to datasets, machine learning models, and explanation methods, which allow i) to
update models and exchange explanation methods and ii) to adapt to any clinical prediction tasks on tabular
data. Predictions and explanations are computed on demand and not persistently stored. Clinician feedback is
stored and used for offline evaluation and future model improvement.

To support reusable and modular integration of explainability in clinical decision support, XTab-CDS
is designed as a modular framework for clinical outcome prediction that separates domain-specific
concerns from reusable infrastructure (cf. Figure 1). The key architectural contribution is the explicit



decoupling of datasets, prediction models, and explanation methods via standardized adapter interfaces,
enabling reuse across heterogeneous clinical prediction tasks. This separation allows the same core
components to support different clinical prediction tasks with minimal reconfiguration.
XTab-CDS is a three-tier architecture and uses a Vue.js frontend with TypeScript, a FastAPI backend

with Python, and a PostgreSQL database for persistent storage. All components are containerized using
Docker to ensure reproducible deployments across development, staging, and production environments.
We adopted a Representational State Transfer (REST) architecture and implemented a RESTful Applica-
tion Programming Interface (API) to enable independent frontend and backend development, facilitate
integration with hospital information systems, and support maintainability and future extensibility.

3.1. Modular Adapter Architecture

The adapter architecture consists of three primary components that encapsulate use-case-specific logic:
dataset adapters, model adapters, and explainer adapters.

Dataset adapters implement a common interface for data preprocessing, feature engineering, and
validation. They transform raw patient data from domain-specific formats into standardized feature
vectors expected by the model. Each adapter defines its own feature schema, handles missing values
according to domain conventions, and applies encoding strategies such as one-hot encoding for cat-
egorical variables or normalization for continuous measurements. Domain adaptability is achieved
through a schema-agnostic patient storage design. Instead of storing each patient input feature in sepa-
rate typed relational database columns, all input features are persisted within a single JSON column
(input_features). This approach eliminates the need for database schema migrations when adapting
the application to different clinical domains. Task-specific preprocessing and feature interpretation
are delegated to a dedicated DatasetAdapter, which operates on the stored JSON structure and
transforms it as required for the respective predictive model.

Model adapters wrap machine learning models behind a unified interface that exposes prediction and
probability estimation methods. This abstraction allows support for linear models, tree-based ensembles,
and neural networks without changes to the API layer. Model adapters handle model loading, input
validation, and output formatting to ensure consistent prediction outputs.

Explainer adapters provide pluggable explanation methods, including individual approaches such as
SHAP [4] as well as integration points for frameworks such as Captum [9] and Quantus [10].

3.2. System Implementation

The backend is organized into distinct modules that separate concerns and facilitate testing. The core
module coordinates between dataset adapters, model adapters, and explainers, and manages feature
configuration and metadata. The backend exposes RESTful endpoints for patient management (Create,
Read, Update, Delete (CRUD)), individual and batch prediction with optional explanations, structured
clinician feedback, and system monitoring. The database module uses SQLModel ORM with Alembic
migrations, and the test module includes comprehensive coverage for unit, integration, and API tests.

The frontend provides an intuitive interface for clinicians, supporting validated patient data entry,
real-time visualization of predictions with confidence indicators, interactive feature-attribution charts,
structured clinician feedback submission, and bilingual operation (German and English; the current
implementation supports left-to-right Latin-script locales, with further language extensions possible
through the existing localization infrastructure).

3.3. Feedback and Continuous Improvement

Following recommendations for responsible medical AI [3], XTab-CDS includes a feedback mechanism:
Clinicians can indicate binary agreement or disagreement with a prediction and optionally provide
free-text comments. All feedback is persistently stored in the PostgreSQL database and linked to specific
patients and predictions, creating an auditable trail for monitoring performance, identifying systematic
errors, supporting retraining, and enabling continuous quality improvement.



4. Example Clinical Use Case

We exemplify our framework on a clinical task: outcome prediction for cochlear implantation. Cochlear
implants (CIs) enable auditory perception in individuals with severe-to-profound sensorineural hearing
loss [12], yet outcomes vary substantially across patients. Outcomes are influenced by a combination of
clinical, demographic, and device-related factors. Known examples include age at implantation, duration
of deafness, implant characteristics, and pre-operative speech performance [13]. Prior studies identify
duration of deafness, age at implantation, and pre-operative speech scores as key prognostic variables,
with most approaches relying on structured, tabular clinical data [13]. Recent studies increasingly apply
supervised machine learning approaches to predict cochlear implant outcomes [14, 15, 16, 17]. For
example, Crowson et al. [14] and Shew et al. [15] demonstrate the feasibility of predicting post-operative
speech perception using structured clinical variables. Wang et al. [16] incorporate imaging-derived
features to forecast language development in pediatric patients, while Zeitler et al. [17] apply machine
learning to predict acoustic hearing preservation following cochlear implant surgery. Across these
works, prediction is predominantly based on structured, tabular clinical data, further motivating the
focus of XTab-CDS on explainable prediction models for tabular medical datasets.

4.1. Data and Machine Learning Models

Data. The dataset includes demographics, pre-operative symptoms, audiological measures, medical
imaging, etiology, duration/onset of hearing loss, implant data, and pre-operative outcome measures.
After preprocessing, each patient is represented by 39 tabular features. The prediction target is post-
operative speech perception success (binary), measured 24 months after implantation.

Model. We implement models in Python using scikit-learn; for this demonstration we use a Random
Forest classifier trained on 𝑁 = 235 patients. With 5-fold cross-validation, the model has an average
accuracy of 62% and an F1 score of 0.55. These results demonstrate technical feasibility; however, the
model was trained on a relatively small dataset, and model optimization is not the focus of this work.
The model outputs a probability estimate representing the probability of a successful outcome given the
patient information. To mitigate overconfident predictions, probabilities are clipped to the range [1%,
99%]. This clipping constitutes a deliberate design choice rather than a standardized methodological
requirement: it follows established practice in clinical decision support systems [1], which emphasizes
explicit communication of residual uncertainty and discourages absolute certainty claims (0% or 100%) in
medical decision-making. By avoiding extreme probability outputs, the system reinforces interpretation
of predictions as supportive evidence rather than deterministic conclusions.

4.2. Framework Customization

Adapting XTab-CDS to a new clinical task on tabular data only requires implementing three domain-
specific components: a DatasetAdapter defining the feature schema and preprocessing logic, a
ModelAdapter providing the trained prediction model, and configuration files for the frontend
specifying UI labels and input field definitions.

Data and Model. Two adapter interfaces customize the framework for a specific clinical task, and
information about the machine learning model needs to be injected into the framework. The Datase-
tAdapter defines the feature schema, field names, data types, and preprocessing logic matched with
a trained model. For the CI use case, the RandomForestDatasetAdapter implements the prepro-
cessing pipeline, converting raw patient data with human-readable field names into the feature vector
expected by the Random Forest model. This includes label encoding of categorical features, normal-
ization of numeric features, and domain-specific feature engineering. The ModelAdapter provides a
unified interface to the trained prediction model. The SklearnModelAdapter wraps the Random
Forest classifier stored as a pickle file and exposes a standardized predict() method that accepts the



preprocessed feature vector and returns probability estimates. PyTorch, TensorFlow, or Open Neural
Network Exchange (ONNX) models can be integrated using the same interface.

Model Cards are defined via structured JSON configuration files and capture essential model metadata,
including model type, training data characteristics, performance metrics, intended use, limitations, and
ethical considerations. The JSON file is validated on the backend using a Pydantic schema to ensure
structural and semantic correctness before being exposed via a dedicated API endpoint. The backend
renders the validated content into Markdown format and serves it to the frontend, where it is displayed
within a dedicated Vue component. Model-card versioning is managed through a lightweight pointer
mechanism using an active_version.txt file. Updating this pointer, different model-card versions
can be activated without requiring code modifications or redeployment.

Frontend. The frontend is customized through configuration files rather than hard-coded UI logic,
enabling reuse across different clinical tasks without modifying Vue.js components. Feature Def-
initions characterize the input field metadata including field names, data types (text, number, se-
lect, multi-select), validation rules, grouping (Demographics, Language & Communication, Family
History, Pre-operative Symptoms, Imaging, Objective Measurements, Hearing Status, Treatment
& Outcome), and available options for categorical fields. The frontend retrieves this configura-
tion via GET and dynamically generates the patient entry form. Feature definitions are stored in
backend/app/config/feature_definitions.json. Localized Labels provide translations for
field names, section headers, and option labels in multiple languages (German/English). The fron-
tend fetches localized strings via GET and applies them throughout the UI, enabling bilingual support
without duplicating components. Adapting to a different clinical domain requires updating only these
configuration files and the corresponding DatasetAdapter, the Vue components remain unchanged.

Explanation Adapter. The explanation method is configured via a backend explanation adapter
(e.g., ShapExplainer for SHAP-based explanations). To integrate a different explanation method,
developers must implement an explainer class exposing an explain(model, x) method that accepts
(i) the trained model instance and (ii) a single preprocessed feature vector x (1D numeric array of
length 𝑑), and returns feature attributions as structured data. The backend serializes the returned object
as JSON and exposes it via a REST endpoint, while the frontend renders interactive visualizations
(e.g., waterfall charts) directly from this structured response; no pre-generated images are required.
If alternative visualization types are introduced, only the frontend rendering component must be
adapted, while the backend interface remains unchanged. For the CI use case, we use SHAP [4] with
TreeExplainer, enabling exact Shapley value computation for tree-based models in < 500 ms per patient
on standard hardware, thereby supporting interactive clinical use. The returned object must follow a
standardized, JSON-serializable schema with aligned, ordered lists to ensure correct frontend rendering.
All lists must preserve identical ordering to guarantee correct feature–attribution alignment (e.g., using
wrapper.get_feature_names() on the backend). The payload must not contain pre-rendered visual
elements; optional visualization artifacts (e.g., base64-encoded images) may be supplied separately.

4.3. UI Walkthrough

The user interface (cf. Figure 2) guides clinicians through a structured workflow consisting of patient
data entry, prediction generation, explanation exploration, and optional feedback submission. An entry
page provides users with a brief usage guideline and access to the core functionalities of the system.
After selecting the Predictions button, users can choose to search for an existing patient, create a new
patient profile, or access the model card view.

Once a patient has been selected, clinicians can generate a prediction in the Prediction View (A).
The interface displays the predicted probability of post-operative speech perception success (here
41%), a qualitative interpretation (here “treatment success unlikely”) and a visual decision-threshold
chart that positions the individual patient’s predicted probability along a 0–100% scale. A configurable
decision threshold divides the scale into two regions: probabilities above the threshold are interpreted
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Figure 2: Overview of key UI components (output partially omitted). The prediction view includes a probability
gauge, SHAP waterfall chart and feedback form. (A) Patient detail view with prediction, (B) Explanation chart,
(C) integrated What-if analysis, (D) Model Card, and (E) patient data management.

as “treatment success likely”, and those below as “treatment success unlikely”. This visualization does
not represent an empirical probability distribution; instead, it contextualizes the model output relative
to a clinically meaningful decision boundary to support interpretation and decision-making. The
Explanation Chart (B) shows the most influential features contributing to the prediction (here based
on SHAP), including their positive or negative attributions. In addition, the interface integrates a What-



if Analysis (C), which allows clinicians to modify individual input features and dynamically observe
how these adjustments affect the predicted probability. Unlike automated counterfactual explanation
methods that algorithmically search for minimal feature perturbations to change a prediction [18, 19],
but similar to [20], the What-if Analysis supports interactive, clinician-driven exploration guided by
domain expertise. Clinicians may indicate agreement or disagreement with the prediction and optionally
provide free-text comments via a feedback form. Submitted feedback is stored to facilitate ongoing
model evaluation and iterative refinement. Furthermore, the system provides access to structured
model documentation describing the model type, intended use, development context, performance
characteristics, and known limitations by a Model Card (D) [21]. A Search Interface enables clinicians
to locate existing patients by name or to enter information for patients not yet included in the database.
All recorded patient data can be reviewed and edited. Clinicians may create a new patient profile (E)
by completing a structured form that captures demographic, audiological, clinical, and medical imaging
information. Upon submission, the patient record is stored in the system database.

5. Conclusion

XTab-CDS provides a lightweight, modular, and pluggable framework for explainable clinical outcome
prediction on tabular data. By separating dataset preprocessing, model integration, and explanation
generation into configurable adapters, the framework allows the same infrastructure to be reused
across different medical domains. The adapter architecture allows developers to implement domain-
specific components while leveraging a shared backend API, frontend interface, database schema, and
deployment infrastructure. We show XTab-CDS’s flexibility on a realistic clinical use case, exemplifying
its easy adaptability without modifying core system code. Future work will focus on extending the
framework to additional clinical domains and exploring data modalities beyond tabular data.
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