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Thank you for highlighting this important point.
We have added the following statement:

This work took place within the framework of the DYNAMIC project that
is funded by the Fondation Botnar, Switzerland (grant n°6278), MAH
received a subgrant for this work.

The funders had no role in study, analysis, decision to publish, or
preparation of the manuscript.

The .tex file is now included.

All figures have been removed from the manuscript and are now
provided in .eps format under 10MB each

Legends for supporting information are now added after the reference
list




Point-by-point response: Reviewer 1

We thank the reviewer for recognizing the novelty, value and
methodological soundness of the manuscript.

We thank the reviewer for seeing the value and novelty in this work. We
are also very happy that the figures and examples are informative.

We agree with each of the reviewer's subsequent comments and
suggestions and have adapted the manuscript accordingly.

The reviewer highlights excellent points that we had debated ourselves
at length.

The baseline model of a “monolithic’ MLP was selected not only
because it best represents the individual encoder modules of MoDN but
also because it was the best-performing architecture selected from
several tested (including those suggested by the reviewer, see below).

Why and when imputation was performed? Monolithic models
cannot handle missing values and thus imputation was performed for
these baselines. The reviewer rightly identifies imputation as a limitation
for the monolithic model: creating an assumed distribution which may
bias outcomes. This is one of the reasons why MoDN holds an
advantage.

Why not encode missingness? When data is collected in a decision
tree, the shape of the missingness may leak the answer to the model as
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it is the shape of the question branch. Thus imputation actually gives
our baseline an often overlooked advantage.

This further highlights the advantage of MoDN, which does not rely on
imputation and is not affected by biased missingness, by design.

Other model architectures? The alternate models suggested by the
reviewer are excellent suggestions and we indeed tried them as well as
others (KNN, Random Forest, etc.). Results were not significantly
different from the MLP (with slight differences indicating that MLP and
Logistic regression were the best models).

To reduce complexity of the text/figure, these other models were not
included.

It is also intended to show the MoDN can act as an architecture that
enables interpretability even when using models that are not inherently
interpretable via coefficients (such as MLP, which is difficult to interpret
as opposed to LR).

Multiclass predictions: Multiclass predictions underperformed as
compared to the one-vs-rest approach presented.

We thus feel that we have retained the best performing model in the
manuscript for the baseline comparison.

As these are important points, we have now clarified this in the
manuscript, adding the following statement:

In addition to MLP and logistic regression, several other baseline
architectures were tested, including K-nearest neighbours and random
forest. As there was no significant difference, the MLP and Logistic
regression were retained for simplicity. This choice also highlights that
MoDN can host any model architecture and is able to provide an
interpretablity framework despite the deepness of the selected network.
This latter point will be particularly advantageous for highly dimensional
inputs, such as images.”

Thank you for pointing this out. This has now been corrected.

The reviewer makes an excellent suggestion which we have adopted.

We now additionally present the Brier Score loss (Anemia: 0.17,
Dehydration: 0.03, Diarrhea: 0.11, FWS: 0.08, Malaria: 0.09,
Malnutrition: 0.03, Pneumonia: 0.08, URTI: 0.07 and in average for all
diseases 0.08) and have adapted the text to better reflect the tendency
for over-prediction as follows:

Again, we thank the reviewer for the suggestion.
We have added the following text to the manuscript to highlight these
points.




Excellent suggestions.
We have cleaned up the table to improve readability.




Point-by-point response: Reviewer 2

We thank the reviewer for recognizing the novelty and value of the
manuscript.

The code for the analysis is now publicly available here epfl-
iglobalhealth/PLOSDH-MoDN-TrottetVogels2022: MoDN repo for
PLOS Digital Health paper (github.com). The anonymized e-poct data
can be downloaded from e-POCT | Zenodo.

We thank the reviewer for seeing the value and novelty in this work.

We find their clinical perspective particularly valuable as a reflection of
how such methods would react in real-world settings.

We thank the reviewer for highlighting this important point. Indeed this
information must be clear in order for readers to understand how MoDN
could indeed benefit healthcare workers in practice when using a CDSS.

We have thus added the following text to the manuscript:

“When healthcare workers use static knowledge-based CDSS, the
statistical nuances of each question are often blunted into generic binary
rules. The inflexible branching logic may also shortcut clinical signs that
a clinician finds helpful and oppositely, may force the inclusion of those
that they are unable to perform. Indeed poor adherence to CDSS may
reflect the user’s disagreement with the proposed classification. Our
group recently demonstrated this in a CDSS called ePOCT+.

MoDN could allow the user to compose or edit the questionnaire at the
bedside, using any combination or number of inputs, while learning their
predictive value for the patient through continuous feedback. It would
also help nuance the probabilities of differential diagnosis, enabling the
user to predict across the branches of the decision tree that would not
have been explored in traditional knowledge-based systems.”
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We also edited the abstract to ensure clarity on this critical point.

We thank the reviewer for this comment, and have added the following
text to better describe the CDSS MODN could be integrated within.

There are many types of CDSS.

We have added the following into the text to introduce the concept of a
generalisist CDSS, which is used throughout the consultation, where the
clinician is prompted to collect information that guides them in the
diagnosis as well as the treatment and management.

We thank the reviewer for this question, indeed it was not clear, the
prediction of the 8 diagnoses were just an example of what MODN can
do when integrated within a CDSS. We have clarified this in the
manuscript:

And

Like any predictive model, the predictions of MoDN are constrained to
target it was trained on. In the case of the current paper, MoDN is
trained on a dataset where the diagnostic targets (8 diagnoses) are
made within the scope of an outpatient consultation.

In in this scope, MoDN will be able to give continuous predictive
feedback on all 8 diagnoses after each input (which can be asked in any
order or combination) i.e. in the absence of a specific malaria test.

We thank the reviewer for this useful suggestion. We now included the
AUC-ROC curves for the prediction of each disease in figure S1.




1.04

0.8

o
o

Sensitivity

o
IS

- Anemia (AUC = 0.81+0.02)
Dehydration (AUC = 0.92+0.03)
Diarrhea (AUC = 0.83+0.02)
FWS (AUC = 0.92x0.01)

Malaria (AUC = 0.75+0.03)
Malnutrition (AUC = 0.99+0.0)
Pneumonia (AUC = 0.94+0.01)
—— URTI (AUC = 0.92%0.01)

==+ Random

= Macro ROC (AUC = 0.88)

0.0 0.2 0.4 0.6 0.8 1.0
1 - Specificity

The reviewer highlights an important advantage of MoDN--there are no
requirements.

The predictions can be made from any combination or number of inputs
and at each point of a consultation. The confidence of the prediction
increases as the number of informative inputs increases.

The final performances listed are given when all questions have been
asked.

The reviewer rightly identifies the inputs of haemoglobin and and malaria
RDT as perfect proxies of the response.

We could actually incorporate such a perfect proxy into MoDN without
trivialising or influencing the predictions made before it is asked.
However, for simplicity, these questions have not been included in the
question list.

The question list is provided in annex and they are provided in order

We understand the reviewers’ suggestion and have edited both the
abstract and introduction of the manuscript to highlight the specific
contributions of MoDN and better nuance its contrast to traditional
CDss.

Additional references are also added to better support the text.




Sample size: The appropriateness of the size of the dataset for a given
model can be evaluated in several ways.

One important indicator is the observed variance of the training loss,
calibration curve and confidence intervals over cross validation.

As can be seen by our results, the variance in confidence intervals is
only a few percentage points, which is acceptable and sufficient to find
statistical significance in model comparison.

Generalizability: No CDSS could claim to generalize well to all
pediatrics in the world unless it was trained on a data set representing
this (unattainable) population. As with any predictive model, the results
are only provably valid for the context in which the training set was
derived.

The aim of this manuscript is to introduce a novel and interpretable
model architecture that could be used to train models on CDSS-derived
datasets.

The dataset used serves as an example of the capabilities of this model.

External validation is always an excellent suggestion. However,
collecting a comparable dataset is a significant effort that is well outside
of the scope of this study.

We are indeed currently collecting an extended dataset using an
updated CDSS. This is a 5-year undertaking and we look forward to
testing our model on this new cohort!

In the present manuscript, we have implemented Machine Learning
techniques that better ensure the reported results are more
representative of expectations on new data. Specifically, using a cross
validation technique and a hold-out test set). The hold-out test set was
not used for model training and tuning. The results presented in the
paper (interoperability, AUROC, calibration, heatmaps,...) were all
computed on this test set, thus showcasing model behaviour on unseen
data.

To further ensure good model generalizability, we used 5-times 2-fold
Cross Validation during the model tuning phase. Thus after excluding
the test data, we split the remaining data randomly into two subsets. Half
of this data was used in turn for training and for validation. The model
performance is computed on the validation data. By repeating this
process (i.e. randomly splitting the data into training and validation
subsets), we can use paired t-tests to compare model and baseline
performance on unseen data (Dietterich TG. Approximate Statistical
Tests for Comparing Supervised Classification Learning Algorithms.
Neural Computation. 1998;10(7):1895-1923.
doi:10.1162/089976698300017197.).

MoDN has various advantages.

In what situation will it help clinicians in clinical care? MoDN
creates data-driven predictions on a range of diagnoses that can be
updated and viewed after each question is asked.




Imagine having access ot the heatmap we present in the manuscript
during a consultation, where each column becomes available
immediately after asking the question to the patient.

It allows the clinician to understand the relative predictive value of each
question they ask, as well understand the probability of differential
diagnoses.

What tasks are supported. We train it on 8 tasks as a example. MoDN
has the enormous and unique advantage that it can be trained on any
number or combination of features and tasks. l.e. the number of
decoders and encoders are not limited.

How will this help the patient.

The knowledge of the probabilities of differential diagnoses would allow
the clinician to make decisions on asking additional questions to
investigate alternative possibilities and thus potentially reduce missed
diagnoses.

The ability to get continuous feedback on the probability of differential
diagnoses during a consultation using any number or combination of
inputs, allows the clinician the flexibility to CHOOSE the inputs during
the consultation. In effect composing the model at the bedside. It also
allows them to skip inputs that the patient cannot afford/does not want
to answer or that are not available.

This could greatly optimize the time and resources required to achieve
a reasonable confidence in a diagnosis and better nuance the
differential diagnoses as well as allow the clinician and patient to better
understand the value of their responses and how they contribute to the
final diagnosis.




