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Question. Can we leverage longitudinal information from clinical routine data to 

better predict outcomes, complications or disease progression using machine 

learning models?

Motivation. Most quantitative risk assessment is performed on diagnosis. 

Although a lot of clinical routine data is gathered afterwards (mainly laboratory 

data), clinicians have to rely on experience rather than quantitative scores 

supporting their decision-making. Additionally, many scores give global risk 

stratification rather than local, updateable predictions

Aim. Build a pipeline to enable training predictors for different endpoints 

(outcome, progression, complications) based on longitudinal data. 

Longitudinal data.  High volumes of laboratory follow-ups combined with 

their inherent irregularity and sparsity need to be handled. 

Generalizability. Different entities and datasets consist of different sampling 

densities, important laboratory parameters and endpoints.
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Accurate.  As a first proof-of-concept we could 

show that for patients with MDS, one-year 

mortality risks could be accurately predicted by 

our pipeline based on a small set of laboratory 

longitudinal values and baseline patient 

characteristics

Interpretable.  Feature Importance analysis and 

clinical interpretation of learned patterns could 

be analyzed and traced back to clinically known 

correlations.

Efficient.  Models are small in scale and can be 

easily trained on commodity hardware with 

GPU-accelerated training times of ca. 20-30s 

and near instant evaluation.

1   Application to a different dataset consisting of 

patient suffering from acute subarachnoid 

bleeding (aSAH). ICU data in cooperation with the 

Translational Neurovascular Group at the UKD

→ Prof. Dr. med. Sajjad Muhammad &

Dr. Igor Fischer

2   Expansion of the pipeline for non-binary 

outcome prediction → complications & functional 

outcomes

3   Testing different prediction models and 

characteristic feature sets.

global single-point-prediction local, dynamic, longitudinal prediction

Step 1. Subsample data to get pseudo-intermediate predictions on 

retrospective data 

Step 2. Extract characteristic features from longitudinal data to get a 

standard feature matrix

Step 3. Combine extracted features with baseline features from diagnosis

Step 4. Train a gradient-boosting decision tree2 model for a binary outcome

Step 5. Test model performance on hold-out test set

For better performance estimations on smaller datasets, Steps 3 and 4 can be converted into 

repeated cross-validation

Dataset Metric Baseline Longitudinal Difference

Düsseldorf cohort 

(cross-validation 

mean)

AUROC 0.6841 0.8086 +0.1245

AUPRC 0.4600 0.6187 +0.1587

Brier Score 0.2147 0.1691 -0.0456

Mannheim cohort AUROC 0.6391 0.8552 +0.2161

AUPRC 0.2757 0.5820 +0.3063

Brier Score 0.2022 0.1986 -0.0036

Heidelberg cohort AUROC 0.7232 0.8364 +0.1123

AUPRC 0.4873 0.7057 +0.2184

Brier Score 0.2035 0.1519 -0.0516

Overall performance. Compared to a diagnosis-only model 

the longitudinal pipeline outperforms this baseline for all 

metrics and on both cross-validation on the biggest dataset 

from Düsseldorf and both external validation cohorts

Longitudinal stability. Results remain stable over time with 

more longitudinal data improving results with the first 3 

years/12 quarters. Afterwards limited events and small dataset 

sizes result in instability

Feature Importance. Our model shows 

meaningful, medically sound feature-label 

interactions using SHAP values3

Clinical interpretation. Patients with 

intermediate complications were flagged as 

high mortality risks
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