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SBC-SHAP: Increasing the Accessibility
and Interpretability of Machine Learning
Algorithms for Sepsis Prediction
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Background: Sepsis is a life-threatening condition that is one of the major causes of death worldwide. Early
detection of sepsis is required for fast initialization of an appropriate therapy. Complete blood count data
containing information about white blood cells, platelets, hemoglobin, red blood cells, and mean corpuscular
volume could serve as early indicators. However, previous approaches are limited by their interpretability (i.e.,
investigating the influence of feature values on individual predictions) and accessibility (i.e., easy accessibility
for clinicians without programming expertise).

Methods: We developed a graph-based approach for training machine learning (ML) algorithms to incorporate
time-series information for prediction based on complete blood count data. Additionally, we investigated
the effect of integrating different ratios to a healthy reference measurement to improve the performance of
the previously published ML model. Finally, we developed a web application based on our approaches to
increase accessibility.

Results: While it was irrelevant how exactly the ratio was formed, our approach increased the sensitivity at 80%
specificity across all ML models from up to 78.2% to up to 82.9% on an internal dataset (i.e., same tertiary care
center) and from 65.4% to 73.4% on an external dataset (i.e., independent tertiary care center) for prospective
time-series analysis. Additionally, we propose SBC-SHAP (https:/mdoa-tools.bi.denbi.de/sbc-shap), a web
application that visualizes the sepsis risks and individual interpretations of several ML classifiers.
Conclusions: We are confident that this tool will increase the interpretability and accessibility of ML models for
predicting sepsis based on complete blood count data. SBC-SHAP is open-sourced on https:/github.com/
danielwalke/sbc_app.
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IMPACT STATEMENT

We highly increased the interpretability and accessibility of machine learning classifiers for predicting sepsis

based on complete blood count data to enable faster detection of sepsis in the clinical routine.

INTRODUCTION

Sepsis is one of the major causes of death world-
wide (1). An early detection of this life-threatening
condition is important for an appropriate treat-
ment with antibiotics (2). The inflammatory re-
sponse is mediated by the release of cytokines
from neutrophil granulocytes and macrophages
(3). Complete blood count data such as white blood
cell (WBC) count, red blood cell count (RBC), platelet
count (PLT), hemoglobin (HGB), and mean corpus-
cular volume (MCV) may serve as readily accessible
indicators for sepsis (4). Steinbach et al. proposed a
machine learning model (RUSBoost) based on com-
plete blood count data to achieve an area under
the receiver operating curve (AUROC) of 0.872 on
an internal (i.e., hold-out dataset from the same ter-
tiary care center) test and 0.805 on an external (i.e.,
separate independent tertiary care center) valid-
ation dataset (2). Then, Walke et al. extended this
work by using graph neural networks (GNNs) to in-
corporate time-series information (5). Therefore,
the time series of each patient is represented as a
graph structure. The graph structure for a single
patient contains for each measurement a node (at-
tached node features: age, sex, and complete blood
count data), and nodes are connected by edges
based on their measurement time (Fig. 1A-Q).
Specifically, we connected all measurements of a
patient with all previous measurements (i.e., graph
structure based on patient history). Using GNNs to
learn on these time-series graphs, they achieved
an AUROC of up to 0.900 for prospective sepsis
classification (AUROC: 0.834 on external data) and
up to 0.958 for retrospective analysis (AUROC:
0.952 on external data) (5). Although these studies
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showed promising results for sepsis analysis solely
with complete blood count data, they have 2 main
limitations.

Limitation 1: Interpretability

Most machine learning models, especially deep
learning models like GNNs, struggle with providing
in-depth interpretability for individual predictions
that can indicate how specific feature values (e.g.,
WBC counts) contribute to the prediction (e.g., in-
creased or decreased risk). While there exist fra-
meworks [e.g., SHapley Additive exPlanations
(SHAP) (6)] for increasing the interpretability of
ensemble-based machine learning algorithms
like RUSBoost, these approaches cannot be ap-
plied on a feature level to GNNSs that achieved bet-
ter predictions (5). Existing frameworks for
increasing interpretability of GNNs only focus on
feature importance (e.g., overall importance of
WBC counts) (7, 8) or structural importance (e.g.,
contribution of other measurements in a time ser-
ies) (9, 10) but do not explain how impactful a fea-
ture’s value is for the risk.

Limitation 2: Accessibility

Using trained machine learning models requires
programming knowledge, model expertise, and
sufficient time for setting up the pipelines (11).
Therefore, clinicians and physicians often cannot
use these models in their clinical routines. While
there exist some applications for sepsis predic-
tion, they are either not open-sourced (12), do
not provide a user-friendly web interface (13), or
require many input parameters (14). Additionally,
we have not found a tool that provides visualiza-
tions for the local interpretability of obtained
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Fig. 1. Graphs for time-series analysis on complete blood count data (5). Each patient can have one or
multiple complete blood count measurements (nodes) (A). These measurements contain information
about the patient’s age, sex, and measured HBG, RBCs, WBCs, MCV, and PLT. Additionally, each meas-
urement is labeled as “control” (blue node) or “sepsis” (red node). In the simplest case, machine learn-
ing classifiers can be trained on these node measurements independently from each other (B).
Additionally, nodes can also be connected based on their measurement times (i.e., each measurement
of a patient is connected to all previous measurements) to perform a prospective analysis; i.e., nodes
can analyze previous measurements (C). However, some nodes do not have time-series information
(i.e., there is only one measurement available). Therefore, we added a reference node based on the
mean (D) or median (E) of control complete blood count measurements. This reference node should
serve as a comparison for the current measurement to a healthy reference measurement.
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sepsis predictions, which further complicates the
applicability in a clinical context.

In this study, we propose a technique for in-
creasing the sensitivity of machine learning classi-
fiers for the prediction of sepsis based on
complete blood count data. This technique allows
the inspection and visualization of contributions of
specific feature values on individual predictions
(limitation 1). Thereby, we achieve full compatibility
of our graph machine learning approach with the
SHAP framework to return highly interpretable
predictions. Additionally, we evaluate strategies
to introduce a reference node (i.e., a reference
to a physiologically complete blood count meas-
urement in each patient’s history) as an additional
comparison to a healthy control measurement
(Fig. 1D and E). Finally, we propose SBC-SHAP, an
easily accessible web application for the classifica-
tion of sepsis based on complete blood count data
(limitation 2). As input, SBC-SHAP only requires a
unique patient identifier, age, sex, complete blood
count data, and their measurement times. It will
then return the sepsis risk based on input data
and will visualize the contribution of specific fea-
ture values to the sepsis risk [SHAP values (6)].
Additionally, SBC-SHAP provides predicted sepsis
risks based on multiple machine learning models
[i.e.,, XGBoost (15), random forest (16), decision
tree (17), and logistic regression (18)]. We are not
aware of any other models that only require com-
plete blood count information while being inter-
pretable and easily accessible via the browser
(https://mdoa-tools.bi.denbi.de/sbc-shap).

MATERIALS AND METHODS

First, we introduce details regarding the accessibil-
ity and deployment of our application in the
“Deployment” section. Then, we introduce the steps
for our graph-based approach and machinelearning
training (“Graph-Based Feature Engineering and
Training”). This simplification allows us to get highly
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interpretable results for individual predictions.
Finally, we introduce the implementation of our
web application, SBC-SHAP (“Web Application for
Increased Accessibility”).

Deployment

Users can easily access the web application via
https://mdoa-tools.bi.denbi.de/sbc-shap and only
need to submit information about the patients’
age, sex, an anonymous identifier, measurement
time, and complete blood count values (HBG,
WBCs, RBCs, MCV, and PLT). We do not store or
write any information from requests on our
servers. Additionally, we provide an easy setup
for local installations. Therefore, users only
need to install and start Docker Desktop
(https://www.docker.com/products/docker-desktop/),
download our docker compose file (https:/
github.com/danielwalke/sbc_app/blob/main/docker-
compose.yml), navigate into the directory of the
downloaded “docker-compose.yml” file, and run
"docker-compose up -d” in the terminal. Then,
the application can be accessed under “local-
host:3000/sbc-shap” in a browser. Note that the
application startup requires some time (a couple
of minutes). A complete tutorial for SBC-SHAP
and its local setup is provided in our GitHub
repository  (https:/github.com/danielwalke/sbc_
app) and on the web application itself (https:/
mdoa-tools.bi.denbi.de/sbc-shap).

Graph-Based Feature Engineering

and Training

Use Cases. We define 3 use cases for the sepsis
classification based on complete blood count
data. First (baseline), we set up common machine
learning classifiers that do not incorporate any
time-series information as baseline (Fig. 1B). As a
second use case (prospective analysis), we incorp-
orate time-series information by constructing a di-
rected graph to generate new features and use
these features to train machine learning classifiers
(Fig. 1C). The third use case (prospective analysis
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with reference node) builds upon the second use
case by adding an additional reference node
[mean (Fig. 1D) or median (Fig. 1E) of complete
blood count measurements].

Preprocessing and Feature Engineering. We used the
dataset from Steinbach et al. (2) available at
https:/doi.org/10.5281/zenodo.10781419 (19) for
the training and evaluation. Details about the
dataset are listed in the Supplemental Material

(Supplemental Note 1). Preprocessing and
construction of graphs for time-series analyses are
based on Steinbach et al. (2) and Walke et al. (5), re-
spectively (Fig. 1A). Features containing time-series
information were incorporated by appending new
features describing the difference (diff) to the
mean of all previous measurements (Fig. 2B). For
the third use case, we additionally investigate using
the quotient (quot) of complete blood count
measurements to the mean of all previous
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Fig. 2. Overview of the overall workflow. (A), First original data containing information about the patient’s
complete blood count data is preprocessed according to Steinbach et al. (2); (B), Then, data is transformed
into patient graphs according to Walke et al. (5) based on time-series information. Time-series informa-
tion is generated based on this patient graph using a feature engineering technique (i.e., neighborhood
aggregation based on connected complete blood count measurements). Resulting time-series features
are combined with the original features; (C), The combined features are passed on to a machine learning
model for training and are evaluated based on AUROC and sensitivity at 80% specificity; (D), Finally, we
used SHAP (6) to increase the interpretability of the trained model.
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measurements including the reference node (calcu-
lated by the mean and median of all control mea-
surements in the training set). These newly
generated features from the time series are conca-
tenated with the original features and used as a
new, transformed input for a machine learning clas-
sifier (Fig. 20).

Training and Evaluation. As machine learning classi-
fiers, we used XGBoost (15), random forest (16), de-
cision tree (17), and logistic regression to evaluate
our approach across diverse machine learning
algorithms. We determined the AUROC across
all classifiers for consistency with the work
from Steinbach et al. (2) and Walke et al. (5).
Additionally, we assessed the sensitivity at 80%
specificity to precisely show the implications for
clinicians. Since there is always a trade-off between
specificity and sensitivity, we set a fixed threshold
of 80% for the specificity to guarantee a consistent
threshold across all models while ensuring a rela-
tively low false positive rate (20%). Further details
regarding training and tuning are listed in the
Supplemental Material (Supplemental Note 2).

Interpretability. Finally, we applied the SHAP frame-
work (6) on each classifier to receive highly interpret-
able results that show the contribution (i.e., SHAP
values) of specific feature values to the predictions
(i.e., sepsis risk). A positive SHAP value indicates a
shift of the prediction toward sepsis and vice versa.
The returned SHAP values were then separated
into 2 parts: one part for the influences of feature va-
lues from the current measurement (i.e., original fea-
tures) and the other part for the influences of feature
values from time-series information. The sum of both
SHAP values is used to investigate the combined
(overall) influence (Fig. 2D). For a global interpretation
of the model, we averaged the absolute SHAP values
over all samples in the internal dataset for the origin-
al features and time-series features. We used SHAP
to understand and visualize how our trained ma-
chine learning models make specific decisions.
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Additionally, SHAP values can show by their
magnitude which features have higher or lower im-
pacts on the predicted sepsis risk. Besides SHAP,
we visualized partial dependence plots to investigate
the influence of a feature on the predictions across
the entire dataset (see Supplemental Note 5).

Web Application for Increased Accessibility

We decided to implement a web application be-
cause it does not require a download, which
might represent another usage barrier. While
the web application is publicly available (https:/
mdoa-tools.bi.denbi.de/sbc-shap), it is also
possible to set up a local instance to protect priv-
acy requirements (“Deployment”). The web appli-
cation consists of a frontend and a backend
(Fig. 3). The frontend aims to visualize all results
including features, sepsis risks, and SHAP values
as interpretation mechanisms. The backend
aims to make all computationally expensive
computations (i.e., the machine learning predic-
tions and calculation of SHAP values). Additional
details regarding the implementation of the fron-
tend and backend are listed in Supplemental
Note 3. The complete source code is open-
sourced at https:/github.com/danielwalke/sbc_
app/tree/main.

RESULTS

In this section, we describe the results of our ap-
proach for classifying sepsis based on time-series
data while retrieving interpretable results
(“Simplification for Increased Interpretability”).
Additionally, we show the different functions of
our proposed web application, called SBC-SHAP,
to increase accessibility (“Web Application for
Increased Accessibility”).

Simplification for Increased Interpretability
Machine Learning Evaluation. First, we show the re-
sults of our approach for analyzing time-series
data. We represented each time series of a patient
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Fig. 3. Architecture of the SBC app. The SBC app consists of a frontend (green) and a backend (blue). First
data is imported on the frontend via file import or the data input mask (1). Then, data is transferred
with axios (2) to our FAST-API backend via HTTPs (3). Data is passed to the machine learning classifiers
to make predictions (4) and then passed to the SHAP explainer to calculate the SHAP values (5). After
the computations of sepsis risks and SHAP values, the results are transferred back to the frontend via
FAST-API and axios for the visualization in the frontend (6).

as a graph to connect the complete blood count
measurements with previous measurements.
Additionally, we integrated a reference node
(mean or median of all healthy complete blood
count measurements in the training set) in each
time series. To incorporate the time-series feature,
we either used the diff. or the quot. to previous
time-series measurements (with and without refer-
ence node) as aggregation. As a baseline, we
trained the same machine learning algorithms
without incorporating time-series information.
The classification performance (Fig. 4) improved
on machine learning algorithms using our pro-
spective approach without a reference node (in-
ternal AUROC up to 0.889, external AUROC up to
0.839) compared to the baseline models (internal
AUROC up to 0.875, external AUROC up to
0.818). Our approach achieved a sensitivity at
80% specificity of up to 81.4% and 72.1%, while
the baseline only achieved up to 78.2% and
65.4% on the internal and external dataset, re-
spectively. The integration of a reference node
(mean node) further increased the classification
performance (internal AUROC up to 0.896, exter-
nal AUROC up to 0.841) when using the difference

2025

to all previous time-series measurements of this
patient case. This further increased the sensitivity
at 80% specificity to up to 82.9% and 73.7% on
the internal and external dataset, respectively.
However, the comparison of different reference
nodes (mean or median) and aggregation strat-
egies (diff. or quot.) revealed only slight differences
in the classification performance, indicating that it
is less important which reference nodes or aggre-
gation strategy are used.

Interpretability. Afterwards, we applied the SHAP
framework (6) to retrieve the contributions of specific
features to predictions. We only compare the com-
bined SHAP values across different approaches
(baseline, our approach, and our approach with refer-
ence nodes) for the XGBoost classifier (Fig. 5) because
it achieved the highest classification performance on
the internal dataset (Fig. 4). Higher mean absolute
SHAP values indicate a higher importance, and vice
versa. A detailed overview of all other SHAP value
plots is listed in Supplemental Figs. 1-3. While
WBCs, HGB, and PLT were the most important fea-
tures for the baseline model, age has become one
of the 3 most important features instead of HBG for
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lues indicate a better classification performance.
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the models using our approach. However, across all
approaches, WBCs remained the mostimportant fea-
ture for the analysis. Additionally, the different refer-
ence nodes (mean or median) and aggregation
strategies (difference or quotient) lead to slightly
changed feature importance across the less import-
ant features (RBCs, MCV, and sex). This change com-
pared to the baseline models indicates that slight
modifications in the classification mechanisms can
result in much higher classification performance in
the models. Therefore, it is especially important to in-
vestigate the influence on individual (local) predic-
tions to get highly interpretable results (“Web
Application for Increased Accessibility”).

Web Application for Increased Accessibility

We developed an open-source (https:/github.
com/danielwalke/sbc_app/) web application (SBC-
SHAP) available at https:/mdoa-tools.bi.denbi.de/
sbc-shap for increasing the accessibility of our pro-
posed machine learning models. It provides the clas-
sification of complete blood count data (Fig. 6) using
the algorithms proposed in “Simplification for
Increased Interpretability.” Users need to input a un-
ique patient identifier, age, sex, complete blood
count information, and the measurement time
(Fig. 6A). Then, they can decide whether they want
to do a prospective analysis or a retrospective ana-
lysis (Fig. 5B) and submit their data (Fig. 6C). As a re-
sult, the sepsis risk as a value between 0% and 100%
is returned based on the classifiers’ confidence (see
Supplemental Note 4 for further details) in the pre-
diction (Fig. 6D). SHAP values are visualized after click-
ing on the magnifier symbol (Fig. 6E) and show the
contribution of each feature value to the predicted
sepsis risk (Fig. 6F). SHAP values visualize the influ-
ence of individual feature values (e.g, high WBC
count) on the prediction (i.e., higher or lower sepsis
risk) for improving the local interpretability of those
black-box models. For example (Fig. 6F), a high age
shifts the classification to “sepsis” (positive SHAP va-
lue visualized as a red bar) and physiological WBC
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counts to “control” (negative SHAP value visualized
as a blue bar). Thereby, users can gain a better un-
derstanding of the underlying predictions and can
learn from the algorithm. We are convinced that
good explainability and visualization reduce con-
cerns and enable practitioners to use the algorithms
optimally for clinical decision-making and to learn the
more targeted interpretation of machine learning
models in laboratory medicine. Furthermore, users
can also filter results based on their input data
(e.g., patients older than 50) and their results (e.g.,
sepsis risk above 80%) to easily investigate the data-
set. This filtering might help in detecting patterns be-
tween input data and the returned sepsis risks.

The default classification algorithm for all sam-
ples is XGBoost because it achieved the highest
classification performance among all investigated
models (Fig. 4). Additionally, users can investigate
the predictions and SHAP values of other classifiers
(logistic regression, decision tree, and XGBoost) by
clicking on the list symbol (Fig. 6G). Thereby, they
can compare the results across different classifiers
to investigate different strengths and weaknesses
among the trained machine learning models.

DISCUSSION

In this section, we discuss our results and show ex-
isting limitations of our approaches for improving in-
terpretability  (“Improved  Interpretability’)  and
accessibility (“lmproved Accessibility”). Finally, we intro-
duce 2 example use cases to improve the under-
standing of our tool and the associated SHAP values
(‘Example Use Cases”).

Improved Interpretability

We developed a graph-based feature engineering
approach to incorporate time-series information of
complete blood count data. This approach in-
creased the AUROC from 0.875 on the internal da-
taset and 0.818 on the external dataset to up to
0.896 and 0.841, respectively. Additionally, this
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approach even outperformed GNNSs from previous
work with an AUROC of up to 0.890 on the internal
and 0.820 on the external dataset (5). Besides the
improved classification performance, our approach
is compatible with the SHAP framework, which en-
ables local interpretability of predicted sepsis risks
to investigate how specific feature values contribute
to the predicted sepsis risk. While GNNs also
provide some interpretability mechanisms, they
only investigate how specific neighboring nodes
(10) or subgraph structures (9) influence the predic-
tion or investigate the importance of specific nodes,
edges, or features (7). Therefore, it is not possible
to investigate how a specific feature value contri-
butes to the prediction similar to the SHAP frame-
work (6).

We also evaluated our approach with different
machine learning models (logistic regression, deci-
sion tree, random forest, and XGBoost) and
achieved a superior performance across all mod-
els. However, in general, ensemble-based models
like random forests (AUROC up to 0.892) and
XGBoost (AUROC up to 0.896) achieve a better
classification performance compared to more
shallow machine learning models like decision
trees (AUROC up to 0.856) and logistic regressions
(AUROC up to 0.857). Since it is difficult to investi-
gate feature contributions on predictions across
an entire dataset, we plotted the partial depend-
ence of features for all proposed models (see
Supplemental Note 5, Supplemental Fig. 5). While
across all models similar trends emerge in how
features contribute to the sepsis risk (e.g., an
increase in WBC count increases the sepsis
risk), the different models differ in their decision
boundaries (i.e., how they predict sepsis), which
can lead to divergent results (i.e., predicted sepsis
risks) across the same complete blood count
measurement.

However, our approach still has some limitations.
First, further information [e.g., body temperature
(20), procalcitonin (21) or C-reactive protein concen-
trations (22)] could further increase the sensitivity of
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machine learning classifiers. However, those fea-
tures must be readily accessible through routine
tests to avoid introducing bias from clinicians'
suspicions when ordering specialized diagnostics.
While SHAP provides intuitive explanations for pre-
dictions and enables users to investigate how spe-
cific feature values contribute to the prediction, it
also has some limitations. For example, it assumes
feature independence, which can distort attribu-
tions since features are often correlated in the
real world (e.g., correlation between HBG and
RBCs). Additionally, global interpretations to investi-
gate how a specific feature influences the prediction
across the entire dataset is not possible, which is
why we integrated partial dependence plots in our
analysis (see Supplemental Note 5). In most cases,
sepsis labels appear toward the end of each time
series, introducing a bias in the dataset that may
be exploited by the underlying machine learning
models. Currently, our approach is limited to the
prediction of a sepsis risk. The incorporation of fur-
ther syndromes and diseases could further en-
hance the applicability of our approach. Finally, it
might be interesting to investigate further prepro-
cessing steps like clustering to further improve the
classification performance (23).

Improved Accessibility

We successfully developed a user-friendly web
application for predicting sepsis solely based
on complete blood count data that is easily
accessible under https://mdoa-tools.bi.denbi.de/
sbc-shap. The application provides diverse func-
tionalities including sorting, filtering, multiple
classification algorithms, customizable sensitivity,
and visualization of SHAP values for increasing
local interpretability. Nevertheless, SBC-SHAP has
some limitations. First, it is not clear whether dis-
played sepsis risks and the visualization of SHAP
values are intuitive and helpful for clinicians. A
survey regarding the usability of SBC-SHAP might
be required as an evaluation. Furthermore, it
remains uncertain how additional features (e.g.,
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procalcitonin) could be integrated without signifi-
cantly increasing the system’s complexity and re-
ducing the responsiveness of the web application.

Example Use Cases

As an example of identifying sepsis cases, a
clinician might have measured complete blood
count information of a patient (ID: 584590 in test
data) during their hospitalization (Supplemental
Fig. 6A). Then, the clinician only needs to
enter  “https:/mdoa-tools.bi.denbi.de/sbc-shap”
in a browser, add complete blood count informa-
tion in the input fields (or import information as
CSV), and submit their data. The first measure-
ment (age: 86, sex: male, HBG: 7.5 mmol/L, WBC:
8.1 Gpt/L, RBCs: 4.4 Tpt/L, MCV: 80.5 fl, PLT: 200
Gpt/L) indicates a low sepsis risk with 13.8%.
However, after the second measurement, HGB
(6.6 mmol/L), RBC (3.77 Tpt/L), and PLT (148 Gpt/
L) decreased and MCV (81.7 fl) and WBC (10.2
Gpt/L) increased, which correctly increased the
sepsis risk to 50.2%. The main reasons for the in-
creased sepsis risk are the increased SHAP values
for PLT (SHAP value increased from -0.14 to
+0.80) and WBC (-1.48 to 0.30).

As an example of correcting values with prior
knowledge, a clinician might have measured the
complete blood count information of a patient
(ID: 583818, age: 81 years, sex: male, HGB:
3.7 mmol/L, WBC: 8 Gpt/L, RBC: 2.58 Tpt/L, MCV:
72.9 fl, PLT: 299 Gpt/L). According to SBC-SHAP
(Supplemental Fig. 6B), the predicted sepsis risk
would be over 50%, mainly due to the low HGB
(high positive SHAP values of 1.4) and RBC values
(high positive SHAP values of 0.47). However, the
clinician might have some additional prior infor-
mation (e.g., a bleeding event might have reduced
the HGB and RBC level). After correcting the values
to physiological values [e.g., HGB: 8 mmol/L (24),
RBC: 5 Gpt/L (25)] by changing the respective input
fields, the predicted sepsis risk decreases to 2.4%
(Supplemental Fig. 6C).

CONCLUSION

We developed a new graph-based machine learn-
ing approach for the classification of sepsis based on
complete blood countdata. Our approachincreased
the sensitivity at 80% specificity of machine learning
models for sepsis classification from up to 78.2% to
82.9% on the internal dataset (i.e., same tertiary care
center) and from up to 65.4% to 73.4% on the exter-
nal (i.e., independent tertiary care center) validation
dataset. Additionally, our approach enables graph
machine learning to be fully compatible with the
SHAP framework (6) to make our predictions highly
interpretable. We found slight changes in the overall
feature importance across our approaches indicat-
ingthat evenslight modifications can still substantial-
ly increase the classification performance. Finally, we
provide an open-source, easily accessible web
application, called SBC-SHAP (https://mdoa-tools.bi.
denbi.de/sbc-shap). Users can investigate sepsis
risks for individual complete blood count measure-
ments and can investigate how specific feature
values contribute to predicted sepsis risks.
Additionally, filtering options allow the filtering of
data with and without results for diverse use cases
(e.g., filtering based on sepsis risks). Furthermore,
predicted sepsis risks can be compared across dif-
ferent machine learning models (logistic regression,
decision tree, random forest, XGBoost) to investigate
the strengths and weaknesses of individual machine
learning models. We are confident that this tool sets
the foundation for the development of a more gen-
eric user interface that enables the evaluation and
exploration of all kinds of machine learning models
independent of the use case (e.g, integration of
more features in new machine learning models or
machine learning models from other domains).

SUPPLEMENTAL MATERIAL

Supplemental material is available at The Journal
of Applied Laboratory Medicine online.
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Nonstandard Abbreviations: WBC, white blood cell; RBC, red blood cell; HGB, hemoglobin; AUROC, area under the receiver
operating characteristic curve; GNN, graph neural networks; SHAP, SHapley Additive exPlanations; PLT, platelets; MCV, mean
corpuscular volume.
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