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Abstract

Medical experts may use Artificial Intelligence (Al) systems with greater
trust if these are supported by ‘contextual explanations’ that let the prac-
titioner connect system inferences to their context of use. However, their
importance in improving model usage and understanding has not been ex-
tensively studied. Hence, we consider a comorbidity risk prediction scenario
and focus on contexts regarding the patients’ clinical state, Al predictions
about their risk of complications, and algorithmic explanations supporting the
predictions. We explore how relevant information for such dimensions can
be extracted from Medical guidelines to answer typical questions from clin-
ical practitioners. We identify this as a question answering (QA) task and
employ several state-of-the-art Large Language Models (LLM) to present
contexts around risk prediction model inferences and evaluate their accept-
ability. Finally, we study the benefits of contextual explanations by building
an end-to-end Al pipeline including data cohorting, AI risk modeling, post-
hoc model explanations, and prototyped a visual dashboard to present the
combined insights from different context dimensions and data sources, while
predicting and identifying the drivers of risk of Chronic Kidney Disease (CKD)
- a common type-2 diabetes (T2DM) comorbidity. All of these steps were per-
formed in deep engagement with medical experts, including a final evaluation
of the dashboard results by an expert medical panel. We show that LLMs,
in particular BERT and SciBERT, can be readily deployed to extract some
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relevant explanations to support clinical usage. To understand the value-add
of the contextual explanations, the expert panel evaluated these regarding
actionable insights in the relevant clinical setting. Overall, our paper is one
of the first end-to-end analyses identifying the feasibility and benefits of con-
textual explanations in a real-world clinical use case. Our findings can help
improve clinicians’ usage of Al models.

Keywords: User-driven, Clinical Explainability, Contextual Explanations,
Question-Answering Approach, Type-2 Diabetes Comorbidity Risk
Prediction
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1. Introduction

Artificial Intelligence (AI) and Machine Learning (ML) have been applied
to the medical and healthcare domains for decades [1I, 2] but their adoption
has been slow due to various aspects including the need for explaining the
black-box nature of such methods. Al explainability (XAI) has tried to pro-
vide a rationale for model predictions so that subject matter experts (SMEs)
can interpret their results [3, 14, [5]. Studies on XAI have shown that users
in different contexts require explanations that match their different levels of
expertise and focused on their particular goals and needs [6, [7, 8, [©9]. Hence,
there often is no single solution for XAT pipelines [10, [IT], O], but processes
can be followed for catering to the specific needs of the use case and the
intended users [12], [13]. The impact of Al in patient-facing applications will
increase the need not only for XAI but also for contexts that subject matter
experts (SMEs) in the clinical domain are familiar with [7, 14, [15].

Definition 1.1 (Explanation). An account of the system, its workings, the
implicit and explicit knowledge it uses to arrive at conclusions in general and
the specific decision at hand, that is sensitive to the end-user’s understanding,
context, and current needs. [16]

Definition 1.2 (Contextual Explanation). Explanations that contain con-
text, are often explicit information [I7] to characterize the situation of (an)
entity(ies), wherein “an entity is a person, place, or object that is considered
relevant to the interaction between a user and an application” [18].



In recent years, e orts to describe and formalize explanations [19, 9]
have identi ed various dimensions and types for it. Speci cally, "contex-
tual explanations' [20, 9] hold great promise to satisfy aforementioned clinical
needs and can improve the adoption of Al methods among clinical work ows.
Risk prediction is one of the most important tasks in clinical decision mak-
ing, and an increasingly important in view of the move toward personalized
medicine. [21, 22]. To interpret risk scores, clinicians often consult evidence
from di erent levels of the scienti ¢ pyramid [23] to lookup associations that
might impact the patient's treatment or future trajectory. For example, ques-
tions like those in Tab. 1, are often asked by clinicians when they are trying
to understand or use Al model predictions in their practice. Additional con-
textual information, such as answers to these questions, can help clinicians
interpret and trust predictions to take actions. However, current work in
risk prediction has often narrowly focused on improving model's accuracy,
ignoring the aforementioned needs. Interestingly, several researchers have
posited contextual explanations [24, 25, 9], that go beyond post-hoc model
explanations to frame the predictions in the context of the applied setting
and decisions being made. However, the feasibility of extracting such contex-
tual explanations and the added benet in an end-to-end setting of clinical
relevance has not been studied and forms the focus of this paper. Speci -
cally, we consider how to derive and support contextual explanations from
authoritative domain knowledge sources, not already considered by predic-
tion models, that clinicians would typically use to reason through decisions
presented to them when dealing with recommendations from learning health
systems.

Table 1: Questions that could be asked in clinical use cases around model explanations /
predictions, and which can bene t from contextual explanations in the context of use.

Sample Question

What treatment can be suggested for this patient who has an increased risk of
cardiovascular disease?

What other conditions does this patient have that might impact this decision?

What was the patient's A1C value when this prediction was made?

Why are you telling me that this risk is important?

Working closely with medical experts, we identify three speci c focus ar-
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eas on contexts such athe patients' clinical state, Al predictions about their
risk of complications, and algorithmic explanations supporting the predic-
tions. Multiple data sources are required to extract such contextual explana-
tions, including patient medical records, Al model predictions, and authorita-
tive information around clinical facts and best practices. Medical guidelines
are one of the most trusted authoritative sources of information and can pro-
vide the required additional context. Here, we thus study the feasibility of
extracting answers from guidelines to typical questions from clinical practi-
tioners to satisfy their explainability needs. We can identify this problem
to be a question answering (QA) task. In the natural language processing
(NLP) domain, the e cacy and ready-availability of state-of-the art (SOTA)
deep learning based QA modules, have rendered such QA problems solvable
and is being increasingly productivized. In this paper, we thus aim to extract
such contextual explanation using SOTA LLM methods. Especially, we aim
to study the following questions relative to contextual explanations:

Feasibility of extracting and gererating contextual explanations from au-
thoritative sources:can we reliably extract contextual explanations from med-
ical guidelines using state-of-the-art QA models? Can knowledge augmenta-
tion improve the QA performance? We use a suite of readily available QA
language models, with and without knowledge augmentations, and compare
against manually annotated answers to evaluate the extracted contexts from
authoritative clinical sources to explain decisions of post-hoc model explain-
ers and risk prediction models.

Understanding the addedbenet of the derived cortexts: does the derived
contextual explanations improve model usage by clinician§%e evaluate use-
fulness of these contexts from two perspectives: (a) user persona needs and
(b) model accuracy. Particularly, we discuss themes that emerged from our
conversations with clinicians to understand if clinical contexts can better
support model explanations and what more is desired of contextual explana-
tions.

Practi cal considerations in a clinical work ow: what considerations and
challenges might we face in implementing support for derived contexts in a
setting of clinical relevance?To conduct our study, we developed an end-to-
end system including (i) data cohorting, (ii) Al models for risk prediction, (iii)
post-hoc explainers to identify driver of risk, and (iii) a prototype dashboard
to present the combined insights from the contextual explanations. Speci -
cally, as a case-study, we considered the problem of predicting and identifying
the drivers of risk of chronic kidney diseaseJKIpP- a common type-2 diabetes
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(T2DMcomorbidity and extracted contextual explanations for 175 questions
of 5 di erent types. An expert panel of 4 medical experts evaluated these
explanations for 20 prototypical patients. Our end-to-end system enabled us
to identify practical steps in creating such a pipeline and the steps needed to
generalize this for other clinical settings. Also, this enabled us to answer the
aforementioned two questions and derive a holistic understanding support-
ing contextual explanations in a risk prediction setting. We further identify
scenarios within this clinical setting where contextual explanations would be
most useful and discuss how they would t into the clinical work ow.

The rest of the paper is organized as follows. First, we provide a brief
description of the use case, the data sources, and the motivation and back-
ground for contextual explanations (Sec. 2). Next, we provide an overview of
our methodology including the end-to-end Al pipeline and prototype dash-
board used to conduct the experiments in (Sec. 3). In Sec. 4, we present
comprehensive evaluations including quantitative performance of QA lan-
guage models as well as qualitative analysis of extracted contextual explana-
tions via a thematic analysis of expert panel sessions. We present a detailed
analysis of these results in Sec. 5 and answer the aforementioned questions
of interest. Finally, in Sec. 6, we present a summary of other related works
and contrast our unique contributions, and conclude with general take-aways,
including opportunities for future research in Sec 7.

2. Motivation and Background

In this section, we provide details on several assumptions and consider-
ations that will be used to describe our methodology and will be crucial in
analyzing the experimental results. Here, we describe the content we will use
to support user-centered contextual explainability in chronic disease - comor-
bidity risk prediction settings. In Sec. 2.1, we present a high-level overview
of the selected use-case. in Sec. 2.2, we introduce the entities along which
we extract contextual explanations (or contextualized entities), which could
provide additional information to help clinicians interpret the risk prediction
scores and the factors in uencing the scores in clinical settings. Finally, in
Sec. 2.3, we provide an overview of the datasets used for our study. In par-
ticualr, we describe clinical practice guidelines (CPGs) in Sec. 2.3.2. CPGs
are considered to be at the highest level of the evidence-based pyramid [23]
and is our selected source to derive high-quality clinical context.



2.1. Use Case

Figure 1: Trace of dependencies of a contextual explanation example on system outputs
from post-hoc explainer models and question-answering methods. In this example, we have
used ontology classes and properties to annotate the data, but in this paper we mainly
focus on a multi-method approach to support such contextual explanations.

Al models promises to help clinicians by providing tools for improved de-
cision making. Risk prediction of patients is one of the key steps in a clinical
decision scenario and models for such use cases can be consumed by a broad
spectrum of clinicians with di ering roles and experience, e.g. a specialist vs
a primary-care physician. Depending on their roles, the needs, and thereby
the desired functionality from a risk prediction contextualization standpoint,
can be di erent. We worked closely with a clinical expert to to understand
the clinical use-case and determine the context of Al tools. Crucially, we
aimed to form an understanding of the unmet needs and identify relevant
contexts that can bene t clinicans. We can further motivate this via Fig. 1
which shows an example question posited by a clinician while consuming the
ouputs of a risk prediction model. In this case, the relevant response can
be identi ed via contextual explanations [9] that is generated from multiple
sources and via multiple extracted contexts. Our aim, was to thus scope the
relevant contexts that will be the focus of our study. We followed a sequence
of user-centric research principles [12], to (1) de ne the scope of our tool's
capabilities, (2) identify the end-user/target persona who would most bene t



from our tool, and (3) scope the most relevant contexts. Through our in-
terviews, we identi ed primary-care physicians (PCP), especially those with
lesser years of experience, to be the persona who may most bene t from such
contextualizations. We describe the covered context types in Section 2.2.
Furthermore, to study our stated problem in a real-world setup, we identi-
ed the problem of risk prediction of CKDamong newT2DMatients at their

rst diagnosis.

This is motivated by the fact that diabetes is one of the top ve chronic
diseases a ecting the adult population in the US [26]. Diabetes management
involves monitoring for and treating related comorbid conditions. E ective
and timely prediction of such conditions can lead to an overall improvement
in the quality of care and thus evaluating the impact of Al models in improv-
ing clinical decision work ow can have tremendous real-world impact. Espe-
cially, we focus onCKDa commonly occurring micro-vascular complication of
T2DMnd one of the leading causes of death in the US [27], with an estimated
37 million cases in the US (who are mostly undiagnosed) and cost medicare
in 2018 811B, and end stage renal disease an additional :B8. Typically,
actions to prevent onset ofCKDamong T2DMatients revolve around proper
disease control, including close disease monitoring, proper treatment adher-
ence, and patient education. Incorporating accurate risk prediction a€KD
in the clinical work ow can lead to more timely actions, potentially delaying
the onset of CKDand in some cases, preventing its progression. While such
predictions could be of use along various time-points of the patient$2DM
prognosis, in this paper, we predict the risk of developin@KDwithin 360
days of T2DMonset. Under this use case, we explore strategies to provide
context around interventions for particular patients, and explain theirT2DM
state and individual risk factors.

2.2. Selected Contextual Entities of Interest

To support the goal of providing user-centered, clinically relevant, and
contextual explanations, in consultation with a medical expert on our team
who is also a co-author, we identify three entities of interest to provide con-
textual explanations around predicting the risk ofCKCamong T2DMbatients.
Fig. 1 shows an example of contextual explanation that can answer a clini-
cian's question around patient management. It can be seen that such expla-
nations are usually composed of multiple entities and from multiple sources.
In general, we identi ed and subsequently focused on extracting the following
contexts:



Contextualizing the patient by connecting their clinical history and indi-
cators to treatments typically recommended for such patients, according to
CPGs.

Contextualizing risk predictions for the patient in terms of the prediction's
impact on decisions, based on general norms of practice concerning poten-
tial complications, as evident from guidelines and other domain knowledge,
including medical ontologies.

Contextualizing details of algorith mic, posthoc explanations, such as con-
necting features that were the most important to other information based on
their potential medical signi cance, such as through connections to physio-
logical pathways and CPGs.

Figure 2: Di erent types of contextualizations supported by methods, that help provide
additional context around patients, their risk predictions and features contributing to risk,
via connections to di erent knowledge sources including patient data, medical ontologies
and guidelines.

In Fig. 2, some examples of contexts that we support around the three
entities of interest in the risk prediction setting can be seen. Also seen in the
gure are the pathways in which answers providing context could borrow from
di erent domain knowledge sources and methods. For example, the answer
to the question, \What drugs to administer for chronic kidney disease?"
provides context around the patient and risk prediction, borrows both from
guidelines and patient data, and is supported by the risk prediction and
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natural language modules which we describe in Sec. 3.

2.3. Data Sources

To conduct our real-world study, we focus on two speci ¢ sources of data
as described below.

2.3.1. Patient Data

We conduct our analysis on and retrieve patient data from the claims sub-
component of the Limited IBM MarketScan Explorys Claims-EMR Data Set
(LCED), covering both administrative claims and EHR data of over 5 million
commercially insured patients between 2013 and 2017. Medical diagnoses
are encoded using International Classi cation of Diseases (ICD) codes. We
selected only thoser2DMpatients (with ICD9 codes 250.*0, 250.*2, 362.0,
and ICD10 code E11) that satis ed the following criteria as our cohort. Only
T2DMatients with the following criteria are included:

A

have had two or more visits withT2DMliagnosis,
were enrolled continuously for 12 months prior ta2DMliagnosis,

number of visits for T2DMs greater than those for other forms of dia-
betes such ag'1D and

age at the initial T2DMliagnosis is between 19-64 years.

Among T2DMpatients, we use the rst diagnosis of chronic kidney disease
(CKD(ICD10 N18 or ICD9 585.*, 403.*) after the initial diagnosis ofT2DMs
the outcome to predict. At the time of the rst T2DMliagnosis, we predict the
risk of the patient developingCKDwithin 1 year using Clinical Classi cations
Software (CCS) codes, age group, and sex as features for the predictive model.

2.3.2. Clinical Practice Guidelines

Clinical Practice Guidelines are position statements published by a board
of experts in di erent disease areas [28]. These guidelines are updated often,
latest summaries of updated evidence in the disease areas, and follow the
highest standards of evidence appraisal (e.g., Grading of Recommendations,
Assessment, Development and Evaluations (GRADE) evidence schenigs

Lhttps://www.gradeworkinggroup.org



Further, the guidelines are written to be comprehensive sources covering dif-
ferent aspects of treatment, management, and assessment of the disease and
are often regarded as rst-line lookup sources for clinicians and primary care
physicians [29, 28]. Given their comprehensive and updated nature, CPGs
provide a great resource for providing clinical contexts in various clinical
settings. We utilize the 2021 edition of the American Diabetes Association
(ADA) Standards of Care guidelines for our experiments.

3. Methods

To study the problem of risk prediction of CKDamong T2DMpatients,
we created an end-to-end Al enabled system. Fig. 3 shows a conceptual
overview of the components of this system. In general, to extract contex-
tual explanations around our three identi ed entities of interest, we used a
number of components including risk prediction models, post-hoc explana-
tion models, and our multi-method, question-answering approach to provide
context. Crucially, to analyze the importance of the supported contextual
explanations, we prototyped a clinical-friendly dashboard and ran qualita-
tive analysis. In this section, we provide high-level details of some of the key
components involved in the process.

Figure 3: Overall view of the di erent methods in our pipeline and how they interact to
provide risk prediction scores, factors contributing to the risk and contexts around the
patient, their predicted risk and the factors contributing to the risk.
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3.1. Risk Prediction Models

In the rst step of our pipeline, we build risk prediction models from the
constructed cohort and the aforementioned use-case (Sec. 2.1). In particular,
we train a suite of machine learning models (ML), including both classical
and deep-learning models, and select the best performing one based on the
highest predictive accuracy and other appropriate metrics for the use case,
such as favoring models with a higher recall. We used DPM 360 [30], an open-
source, reusable, disease progression model training package, we compared
a suite of classi cation models on the patients' demographic and diagnosis
history to predict future complications. In this paper, we only used the de-
mographic and diagnostic features to model risk. Furthermore, to handle
the temporal features, for some of our models, such as Logistic Regression
(LR) and Multi-layer perceptron (MLP), we used temporally aggregated fea-
tures (summation). We also compared two state-of-the art Recurrent Neural
Networks (RNN) where temporal history can be handled in a more natu-
ral manner, viz., Long-Short Term Memory (LSTM) and Gated Recurrent
Units (GRU). All model implementations are available via DPM360 includ-
ing classical ML models (backed by scikit-learn) and deep learning models
(custom built for DPM). In this paper, we split the data according to a
train-validation-test split (70-10-20). Using the best performing models on
the validation set, we present our results on the hold-out test set. Since the
data is imbalanced, we selected the models based on the best AUC-ROC and
AUC-PRC from the validation set. We also evaluate the models based on
precision, recall, and brier score [31]. Deep learning networks are known to
be under-calibrated and the last metric measures how well the model is cali-
brated, i.e., it measures the probabilistic interpretation of risk prediction. In
other words, if a model predicts a  risk for a patient, brier score measures
how well that translates to a 70% chance of the patient developing the com-
plication. The hyper-parameters for the deep-learning models were selected
using a grid search strategy varying batch sizefs8; 16,32 128y, number of
layersf 1; 2; 3g, and dropout f 0:0; 0:1; 0:2g along with standard initialization
and using ADAM as the optimizer of choice.

3.2. Post-hoc Explainer Models

While some of the classical algorithms considered in Section 3.1 are in-
herently interpretable with easy access to the features deemed important for
the model (such as LR), several of the deep learning models are black-box
models. To extract feature importances from such models, we used post-hoc
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explainers which have been found to be favored by clinicians in past stud-
ies [15]. In particular, we used the well accepted SHAP algorithm [32] to
nd feature importance 2. The algorithm uses game-theoretic principles to
identify importance of features by ascertaining the dip in performance of the
model with and without access to the feature at the personalized level. Such
personalized feature importance is key so that our overall risk prediction pre-
sentations are more actionable for the clinicians by allowing them to focus
on the particular attributes of the patients that are driving their risk.

Typically, clinician time is costly and hard to obtain. Thus to conduct
the expert panel sessions and let them focus on some of the most “interesting'
patients, we apply Protodash [33] to select a subset of patients. Protodash
is a post-hoc sample selection method used to obtain a set of prototypical
or representative patients from the high risk category that naturally spans
the varied set of patient characteristics for the selected sub-group. This also
allows the clinician to build trust in using the Al models by inspecting the
di erent patient modalities of the dataset without having to inspect the entire
dataset.

3.3. Extracting Contextual Explanations from Clinical Guidelines

We intend to support a set of possible clinical questions around risk pre-
diction setting for patients. The explanations to these questions can help
provide more context around patient predicted risk, features contributing to
it and data. Each of these question sets, or question types as seen in Tab.
2, can be addressed by multiple sources. Critically, we set up our problem
of extracting context around entities of interest in a risk prediction setting
from clinical guidelines to help clinicians make sense of comorbidity risk pre-
diction scores of chronic disease as a question-answering (QA) task. Figure 4
shows a detailed overview of the steps involved in this "guideline QA' task. In
this section, we give a brief overview of the important steps. For a detailed
description please refer to Appendix A.

Information Retrieval from Data Sources: We support the extraction of con-
text from three domain sources in our QA approach, including patient data,

2In this paper, our primary goal is study the importance of contextual explanations
and thus we chose SHAP as a well-known SOTA post-hoc explainer. However, we caution
the readers about known criticism of SHAP, and in general explainability methods, that
are still active area of research without a common consensus
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Figure 4: Visualization of di erent modules within our Question Answering (QA) pipeline
including A). information extraction modules, B). QA modules and submodules and C).
output modules.

Table 2: Question types currently supported by our QA module, we also indicate the data
sources used to address questions of the type.

Contextualized

Question Type Entity

Domain Knowledge Source

1 Patient's T2DM sum- Patient Patient data
mary

2 Patient's risk summary Risk Prediction Risk Prediction and popula-

tion data
3 Features contributingto  Post-hoc Expla- Feature importances and
patient's CKDrisk nation ADA guidelines
4 I?atient's medication Patie'nt_ and Risk Patient Data and guidelines
list Prediction
5 Patient's lab values Patient Patient Data and guidelines
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medical ontologies like Clinical Classi cation Software (CCS) code and
medical guidelines from ADA Standards of Care 2021 (as introduced in Sec.
2). We query patient data from Limited Claims Explorys Dataset (LCED)
claim records (see Sec. 2.1) on-demand, either when we need to create ques-
tions based on patient parameters or when we need to include these patient
values in answers to questions about the patient. We extract content from
the HTML or web version of the “Standards of Medical Care in Diabetes' [34]
guidelines, published by the American Diabetes Association (ADA) using
a Python library, BeautifulSoup [35]. We also query patient risk predictions
and feature importances using a unique identi er, the patient ID. Some of the
extracted contexts are used for generating questions such as patient data, risk
predictions and feature importances, and others are used to query against
such as the extracted guidelines.
Quedion Answeling Steps: Here we describe part B). of our QA architecture
(Fig. 4), including the question and answer generation modules and their
supporting submodules. In our QA setup we leverage SOTA LLMs and
introduce knowledge augmentations to improve their performance on the
ADA 2021 medical guidelines. Additionally, we introduce sub-modules to
enhance the LLMs' capabilities to address question types 3 - 5 from Tab. 2,
i.e., diagnosis codes, drugs and clinical indicators, which are run against our
extracted guideline content. Below are the submodules in our QA setup:
Question Generation: The question generation modulealmost always
creates templated questions using Python's native support for String Tem-
plates, ® and does so based on patient data, more speci cally from the pa-
tient's diagnoses codes, lab values, and medication list. We also support the
creation of two standard, non-variant questions for each patient, i.e., whose
values don't change from patient data, that can help clinicians easily inter-
pret their predicted risk (question type 1) and theirT2DMtate (question type
2). Moreover, as can be seen from Tab. 2, each of the question types that
we support on a per patient basis is populated from di erent data sources.
Hence, we have developed di erent answering methods for each, including
simple lookups and knowledge augmented language model capabilities, in-
cluding combinations of either a LM + value range comparison or LM +

3https://www.hcup-us.ahrg.gov/toolssoftware/ccs10/ccs10.jsp
“4https://care.diabetesjournals.org/content/44/Supplement_1
Shttps://docs.python.org/3/library/string.html
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semantic ltering. We provide examples of questions and answers for each
guestion type in Appendix C.

Answer Generation: For questions types 1 and 2 from our supported ques-
tion types, whose context does not depend on guidelines as shown in Tab.
2, we query patient data and feature importances and use a similar templat-
ing approach for question generation to populate answer templates with the
retrieved query results. For other question types 3 - 5 that are answered by
guideline content, we pass them through our LLM and knowledge-augmented
LLM setup that we describe next.

Language Models for Generating AnswersiWe use a LLM approach in
order to nd answers to our questions with the unstructured and natural
language discussion and recommendation sentences of the ADA 2021 guide-
lines. We have applied the original Bidirectional Encoder Representations
from Transformers (BERT) model or BERT [36] and other variants of the
same retrained on clinical datasets, including SciBERT [37], BioBERT [38],
BioBERT-ASQ [39] and BioClincalBERT-ADR [40]. All of the models we
utilize are available on the HuggingFace [41] model repository, and we choose
BERT models that were made available speci cally for clinical question-
answering. We built two other submodules to enhance the capabilities of
the LLM approach, speci cally to address questions with numerical compar-
isons of question type 5, and to improve the semantic match between the
guestion and the answers returned by a LLM (question type 3 and 4). For
details on standard processing steps to include more data types like numerical
ranges, refer to Sec. Appendix A in the appendix.

Augmenting Knowledge to LLM:Transformer based LLM approaches like
BERT and its variants, work on sequences of words that are often seen
together and their surrounding words, but don't leverage the semantics of
whether these words are diseases, medications, or biological processes. We
found that in the absence of this semantic knowledge, we would often get
answers from BERT that don't correlate on a semantic level with the ques-
tion. To eliminate such answers, we explored options for a biomedical se-
mantic mapper and zeroed in on the National Library of Medicine (NLLM)'s
Metamap tool [42]. We choose Metamap because of its extensive coverage of
biomedical semantic types and its ability to capture entity mentions within
the ADA 2021 CPG. Within our pipeline, we have integrated a Python wrap-
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per for Metamag that can recognize biological entities within the guideline

text and their semantic types (e.g., dsyn: disease or syndrome, phsu: phar-
macolgic substance, etc. for a complete list of types returned by Metamap
see: ’). Additionally, given this ability to Iter based on semantic types,

we want to allow additional answers with mentions of related diseases. To
provide more broad answers, we use the UMLS Concept Unique ldenti er
(CUI) codes from the Metamap returned outputs to map to Snomed-CT dis-
ease codes [43]. From the mapped Snomed-CT disease codes, we can traverse
the Snomed-CT disease tree to identify how many hops apart question and
answer disease codes are and if the answer codes are an ancestor of those in
the question. We operate on the idea that answers about the parent disease
code apply to children nodes. We use the outputs of these knowledge aug-
mentation modules to both pre- Iter and post-sort LLM model answers for
guestion types 3 and 4 from Tab. 2. We report the accuracies for answers
that use these knowledge augmentations in the results section (Sec. 4). For
more details on how we used the Metamap and Snomed codes as knowledge
augmentation methods within our QA setup, refer to Appendix A.

Below in Tab. 3 and 4, we present sample questions and answers for
each question type to provide examples of questions and extracted answers
supported by our QA approach. We intentionally don't show patient values
in these examples to be compliant with HIPAA restrictions.

3.4. Prototype Dashboard and Expert panel sessions

To present the supported contextual explanations, we have adapted a
guestion-driven design [12] for user-interface (Ul) development and built a
running prototype of a risk prediction dashboard (as seen in Fig. 5). The
content we show on it is rendered on a per-patient basis chosen from a land-
ing page not shown here. For each patient, we show multiple panes (or Ul
sections) at a high level, each of which displays content under a particular
grouping. These panes include groupings phtient details, history timeline
of claim incidences, risk prediction scores, features contributing to risk, and
guestions in context In Fig. 5, we highlight the risk prediction, feature im-
portance, and questions in context panes. The explanations pane serve as a
section where our contextual explanations, that provide context around our

SPyMetamap: https://github.com/AnthonyMRios/pymetamap
"https://lhncbc.nLLM.nih.gov/ii/tools/MetaMap/Docs/SemanticTypes_
2018AB.txt
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Table 3: Sample questions and answers for each question type supported by our question-
answering approach. Answers such as these serve as contextual explanations that provide
information to interpret risk predictions better. We don't provide patient values here due

to HIPAA restrictions.

Question Type Sample Question

Answer

What is the patient's
1. Patient's T2DM A1C value? What are
summary their most frequent di-

agnoses codes?

Patient's A1C is A. Their most fre-
guent diagnosis codes are essential
hypertension, septicemia, etc.

How does the predicted
2. Patient's risk risk of the patient com-
summary pare against the popula-
tion?

The predicted risk of chronic kidney
disease the patient is X %. The pop-
ulation averages for the same condi-
tion are as follows: For Medicare pa-
tients: Y % For patients with Charl-
son Comorbidity Index (CCI) score
of3:Z%

3. Features con- What can be done for
tributing to pa- Essential Hyperten-
tient's CKDrisk sion?

10.3 For patients with diabetes and
hypertension, blood pressure targets
should be individualized through a
shared decision-making process that
addresses cardiovascular risk, po-
tential adverse e ects of antihy-
pertensive medications, and patient
preferences. C
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Table 4: Sample questions and answers for each question type supported by our question-
answering approach. Answers such as these serve as contextual explanations that provide
information to interpret risk predictions better. We don't provide patient values here due

to HIPAA restrictions.

Question Type

Sample Question

Answer

4. Patient's lab
values

What should be done
for this patient, whose
AlC levels are greater

than 10 ?

The early introduction of insulin
should be considered if there is evi-
dence of ongoing catabolism (weight
loss), if symptoms of hyperglycemia
are present, or when A1C levels are
greater than 10% [86 mmol/mol] or
blood glucose levels greater than or
equal to 300 mg/dL [16.7 mmol/L]
are very high.

5. Patient's med-
ication list

What do the guidelines
state about the GLP-1
RA drug the patient is

taking?

Meta-analyses of the trials reported
to date suggest that GLP-1 recep-
tor agonists and SGLT2 inhibitors
reduce risk of atherosclerotic major
adverse cardiovascular events to a
comparable degree in patients with
type 2 diabetes and established AS-
CVD (185).
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Figure 5: A screenshot of a running prototype of our risk prediction dashboard which
includes: 1) the risk prediction score, 2) the features contributing to the predicted risk
with the size of their impact on the model results, and 3) a "questions in context pane",
in which the user can select and see answers to questions that provide additional contex-
tual information about the patient, the predicted risk calculation, and individual features

contributing to the risk.
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identi ed entities of interest in the risk prediction setting - patients, their
predicted risk, and the features contributing to risk - can be selected and
browsed. Additionally, as we have described in Sec. 2, risk scores can be in-
terpreted better in the context of use, i.e., by enabling connections to patient
data, feature importance, and domain knowledge, hence, we had to support
interactions between these panes (refer Appendix D for the details), which
would make it easier for clinicians to establish the connections.

3.4.1. Expert Panel Sessions using Prototype Dashboard as an Aid

We used our risk prediction dashboard as an aid during our structured
feedback sessions, where we walked clinicians through a live demonstration of
our dashboard for a set of prototypical patients (see Tab. 5). We conducted
sessions individually with four clinicians in our expert panel to understand
whether the contextual explanations provided, patient predicted risk, and
risk explanations, were helpful for clinical practice. Weexplained that this
dashboard would be available in addition to the clinician's regular EHR tools
and the patient information they provideand is meant speci cally to provide
additional information related to the CKD Risk Prediction. To strike a
balance between limited clinician time and the need for diverse feedback, we
generated such reports from among 20 prototypicalKDhigh-risk patients
from our T2DMohort, identi ed by the Protodash algorithm [33].

During the sessions, we rst familiarized each clinician with the di erent
sections of the risk-prediction dashboard. We asked them to imagine that
they would be meeting with the patient and had seen the CKD prediction,
and stated we wanted to understand what information would be useful to
them in understanding the prediction and its impact on their treatment de-
cisions. We then presented the dashboard as it would appear for 3 randomly
selected prototypical patients. We asked the panel members to imagine that
they were preparing to treat a patient that was new to them. We navigated
through the dashboard as instructed by the subjects, opening sections or
clicking on items as they requested. We asked the clinicians to speak aloud
as they were working with the dashboard. We also probed the relevance and
usefulness of the di erent sections of the dashboard and the speci ¢ content
shown in them. We asked if there was other information they would have
liked to have been provided, or questions they would want answered. Ses-
sions were recorded and transcribed, similar to the approach mentioned in
[44].

Through these sessions, we wanted to understand the usefulness of our
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