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Abstract

Many visualizations have been developed for explainable AT (XAI),
but they often require further reasoning by users to interpret. Inves-
tigating XAI for high-stakes medical diagnosis, we propose improv-
ing domain alignment with diagrammatic and abductive reasoning
to reduce the interpretability gap. We developed DiagramNet to
predict cardiac diagnoses from heart auscultation, select the best-
fitting hypothesis based on criteria evaluation, and explain with
clinically-relevant murmur diagrams. The ante-hoc interpretable
model leverages domain-relevant ontology, representation, and rea-
soning process to increase trust in expert users. In modeling studies,
we found that DiagramNet not only provides faithful murmur shape
explanations, but also has better performance than baseline models.
We demonstrate the interpretability and trustworthiness of dia-
grammatic, abductive explanations in a qualitative user study with
medical students, showing that clinically-relevant, diagrammatic
explanations are preferred over technical saliency map explana-
tions. This work contributes insights into providing domain-aligned
explanations for user-centric XAl in complex domains.
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1 Introduction

The need for Al accountability has spurred explainable AT (XAI)
development [1, 4, 7, 38, 46]. However, current approaches tend
to use elementary, off-the-shelf visualizations, such as bar or line
charts and heat maps, that assume users know how to properly
interpret the explanations in context of the instances and decisions,
and evaluate their plausibility. Consequently, these are difficult to
make sense of [58], too simplistic to provide effective feedback [114],
and require significant subsequent effort to interpret [26].

We argue that XAI should be aligned to domain knowledge,
representations, and reasoning [15] to be more accessible and in-
terpretable to users for complex domains. It is clear that expla-
nations need to be in terms of interpretable features [82, 152] or
concepts [62, 64], but little has been done to ensure these terms
are presented in domain-aligned representations that support es-
tablished structures and reasoning methods to verify explanations
and decisions. One way to scaffold knowledge representations and
reasoning explicitly is with diagrams, where users can perform
diagrammatic reasoning or diagrammatization to interpret and
evaluate explanations [45, 92, 111]. Diagrams are used in many
domains to explain complex phenomena. In physics, free body dia-
grams can explain how objects move due to forces, and new forces
can be added to diagrams to better fit a complex observation. In
medicine, diagrams can be used to annotate physiological mech-
anisms of diseases on medical images, with different annotations
indicating different diagnoses. Diagrams are distinct from visualiza-
tion since they are domain constrained [129], provide a systematic
approach to read and manipulate them [111], and are propositional
to support inference making [73], thus enhancing interpretation.

Furthermore, when considering an explanation, we often judge
its acceptability by comparing against multiple competing ones.
Indeed, to make sense of observations, people employ abductive
reasoning or abduction—inference to the best explanation—to gen-
erate hypotheses and note their effects, then evaluate them in con-
text [113]. Yet, XAI techniques mostly provide single explanations
based the model’s deductive reasoning. Indubitably, contrastive
explanations do provide explanations for why alternative outcomes
were not chosen [84, 99], but these do not use domain-grounded
hypotheses or evaluation criteria. Along with Hoffman et al. [41-
43], Wang et al. [139], Medianovskyi et al. [98], and Miller [100],
we argue that XAI should support abductive reasoning.
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Figure 1: Reasoning processes between the user and Al a) Current XAI: the user views an explanation based on deductive
reasoning, and post-hoc has to make sense of it in context of the domain and evaluate its plausibility. This leaves an inter-
pretability gap. b) Domain-aligned XAI: the ante-hoc interpretable AI encodes domain ontology and conventions to provide
explanations diagrammatically to convey domain concepts and relational structures, and abductively to convey how it evaluates
multiple hypotheses. The user simply verifies the Al explanation and prediction.

Finally, an additional requirement for XAI domain alignment
is to align Al reasoning with human reasoning for ante-hoc in-
terpretability [96, 139, 149], rather than rely on post-hoc model-
agnostic explanations. This is critical for high-stakes decisions to
verify the actual reasoning process of the "glass box" AI model,
rather than a proxy explanation of a "black box" model which may
surreptitiously be using another reasoning method [127]. Accord-
ingly, this transparency can support users to trust and delegate
their decisions since both the user and Al share the same reasoning.

We studied a medical AI application, cardiac diagnosis on heart
auscultation, that requires i) annotative diagrammatization, ii) selec-
tive abduction, and iii) ante-hoc interpretability. Clinicians explain
heart auscultation using murmur diagrams that encode representa-
tions of abnormal murmur sounds based on audio amplitude shapes
and positions [54] (see Figs. 3, 6, 7, 8). When diagnosing, clinicians
abductively infer the most likely explanatory diagnosis for the ob-
served symptoms [14, 108]. Since medicine is high-stakes, the Al
model needs to be intrinsically interpretable to ensure that clini-
cians have a faithful understanding of its decisions from generated
explanations [127]. Therefore, to support domain-aligned XAI, we
propose DiagramNet, a modular ante-hoc interpretable model, to
use diagrammatization to present explanations as diagrams to scaf-
fold diagrammatic reasoning, and abduction to help users to assess
how the model judged among hypotheses and selected the best
explanation. Our contributions are:

1) Domain-aligned XAI design framework for ante-hoc inter-
pretability with diagrammatic and abductive reasoning. This
can be implemented with various methods.

DiagramNet model to formalize diagrammatic constraints

and provide diagram-based, abductive explanations by enu-

merating, evaluating, and resolving hypotheses to infer to
the best explanation as the prediction label.

3) Diagrammatic explanations of cardiac diagnoses with clinically-
relevant murmur diagrams. We formalized murmur shapes
to predict them as explanations in DiagramNet.

4) Evaluations with a real-world heart auscultation dataset [146].
a) Demonstration study illustrating that diagrammatization

can provide abductive explanations which follows domain
conventions, and supplemental contrastive, counterfac-
tual, and example-based explanations.

2
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b) Modeling study showing that DiagramNet improves both
prediction performance and explanation faithfulness com-
pared to baseline and alternative models, and

¢) Qualitative user study with medical domain experts finding
that diagram-based explanations are more clinically sound,
useful, and convincing than saliency map explanations.

5) Discussion of the scope, generalization and contextualization
of domain-aligned XAI.

2 Diagrammatic and abductive reasoning

Current XAI use elementary visualizations that require users to do
extensive sensemaking [59]. Fig. 1 illustrates how domain-aligned
explanations can close this interpretability gap. We describe the hu-
man reasoning processes of diagrammatic and abductive reasoning
to introduce how supporting them can improve XAl interpretability.

2.1 Diagrammatization for domain-alignment

Philosopher Charles S. Peirce defined diagrams as an encompassing
reasoning framework for visual, symbolic, and verbal representa-
tions comprising: an ontology that defines the entities and their
relations, conventions that prescribe how to interpret diagrams
and manipulate diagrams to evaluate alternative explanations [111].
As a literature review, we frame visual and verbal XAI methods
in a diagrammatization design space to articulate their varying
constraints that limit or facilitate reasoning in complex domains.

2.1.1  Visualization. Most XAI techniques leverage visualization
to augment human cognition and understanding [20]. While data
visualization focuses on providing representations of data [103],
visual diagrams are propositional to convey knowledge and rela-
tionships for inference making [73, 111]. We discuss various visual
explanation representations with increasing domain constraints.

a) explanations use elementary visualizations to de-
scribe relationships between variables. Techniques include:
Bar charts to show feature attributions [68, 82, 120], distri-
bution point clouds [87], and violin plots [140]. Line graphs
to show nonlinear relationships using partial dependence
plots [67], modeled with generalized additive models [2, 21],
etc. Saliency maps to show important regions as heatmaps
on images [8, 128, 150] or highlights on text [141].



Diagrammatization and Abduction to Improve Al Interpretability With Domain-Aligned Explanations for Medical Diagnosis  CHI *25, April 26-May 01, 2025, Yokohama, Japan

Table 1: Diagrammatization design space with dimensions to compare verbal and visual representations of XAI.

Level of states Homomorphism

Expressivity Inherent constraints

Attribution Continuous Low (by data type) Some bounds (variables, importance)  None
Concept-based Continuous Low (semantic) Bounded (latent variables) Taxonomical
Model-based Continuous Low (associative) Bounded (variables, relations) Topological
Schematic Continuous Medium (associative) Bounded (variables, relations) Topological
Annotative* Continuous High (associative, physical) Bounded (variables, relations, values)  Topological, geometrical
Verbalization
NL Generative Categorical Low (linguistic) Unbounded None
Template-based Categorical Low (descriptive) Bounded (variables, relations) Taxonomical
Symbolic Categorical Low (mathematical) Bounded (variables, relations) Logical
b) explanations are descriptive with semantically think”, but this does “not necessarily reveal the true decision

defined concept vectors [62, 64], or relatable cues [149]. Such
explanations could be verbal or visual. Listing concepts by
names and indicating their importance is mostly verbal since
their relation to the prediction is implicit. Interactive editing
to see generated counterfactual outcomes is diagrammatic
since it allows experimentation [18, 56, 148].

) explanations visualize the abstract data struc-
ture of the prediction or explanation model typically as graph
networks or rule structures. Techniques include: Neural net-
work activations [55], canonical filters in CNNs [106], dis-
tilled networks [9, 47], node-link diagrams of probabilistic
or causal relations [66, 109], and decision trees [84, 85, 145].
These explanations are typically used by model developers
with knowledge of data structures and machine learning.

d) explanations use abstract diagrams specific to each
domain. Domain experts use them in education and practice,
yet they are underutilized in XA, perhaps, due to the focus
on model debugging or simple application domains. These
include free-body, optics ray, and circuit diagrams in physics,
and signaling pathway, food web, and protein interaction
network diagrams in biology. While they could be catego-
rized as model-based, schematic diagrams are specifically
constrained toward domain ontology and conventions. In
this work, we define these constraints with domain-specific
parameters that elementary visualizations do not impose.

e) explanations extend domain-specific schematic
diagrams to explicitly fit instances. In mechanical engineer-
ing, this includes computational fluid dynamics and finite
element analysis visualizations. In medicine, this includes
annotating on images (X-ray, ultrasonogram, dermoscopy,
etc.) or on time series signals (electrocardiograms, phonocar-
diograms, etc.). They can be used to simulate outcomes based
on hypotheses, and be physically mapped and overlaid onto
a base representation of the instance as user-verifiable anno-
tations. In this work, we focus on annotative explanations to
overlay murmur diagrams on temporal phonocardiograms.

2.1.2  Verbalization. Explanations can also be written (or spoken)
verbally with logical syntax or natural language.

a) Natural Language Generative (NLG) explanations emulate
people through supervised learning of human rationaliza-
tions [31, 116, 124]. Ehsan et al. define rationalization as
justifying a model’s decision “based on how a human would

making process” [33]. Instead, ante-hoc diagrammatization

aligns the explanation to the AI’s true reasoning.

Template-based explanations map symbolic expressions into

text with fixed terms and sentence structures [3].

c) Symbolic explanations use mathematical notation to describe
logical relationships [23]. Rules are popular forms [71, 76]
and can complement counterfactual explanations [121, 138].

=
=

2.1.3 Diagrammatization design space. Adapting dimensions for
graphic-linguistic distinction [129], we define a diagrammatization
design space (Table 1) for specifying how XAl representations affect
interpreting domain-specific explanations.

A. Level of states describes whether the representions can be
"analog" (categorical) or "digital" (continuous). Verbalizations
are categorical, while can also be continuous.

D. Homomorphism refers to how analogous the diagram is to the
represented domain, conveying the alignment of relational
structures [60] between the explanation and observation. Ver-
bal representations have low homomophism, needing users

to translate text to symbols and structures. visu-
alizations may have formats irrelevant to the domain (e.g.,
spectrogram of heart sounds). and

visualizations associate abstract relations with low homo-
morphism. diagrams overlay on physical domain
representations, so have high homomorphism.

E. Expressivity refers to whether the representation constrains
information expressiveness. Generative text verbalization is
unbounded, since any text could be predicted.
visualizations show values of variables independently. Other
representations are bounded by the graphical, symbolic, or
template formats. High expressivity is useful to show nu-
ances for experts, but is overwhelming to non-experts.

F. Inherent constraints. Generative text can include any words,
so have no inherent constraints, while template-based text
is bounded to the template taxonomy. visual-
izations are also constrained by the taxonomy of concepts.

and visualizations are constrained
by topological structure (e.g., decision tree). dia-
grams are constrained topologically or geometrically.

Thus, diagrammatization is the reasoning process to represent do-
main ontology of concepts in relational structures, and to apply
domain conventions to interpret and manipulate them to evalu-
ate explanatory knowledge. Diagrams need to conform to these
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Figure 2: Four steps of abductive reasoning demonstrated on a pedagogical scenario of inferring cats and dogs: I) observe the
instance, II) hypothesize causes and retrieve associated rules that determine the consequent evidence (e.g., cat has vertical eye
pupils and claws, dog has round pupils and nails), III) evaluate the evidence on the observation then deductively backchain on
each rule to determine the plausibility of its hypothesis (e.g., Cheshire’s vertical pupils and claws imply it is a cat, but no round
pupils or nails does not imply it is a dog), and IV) resolve the best explanation with highest plausibility, i.e., that Cheshire is a
cat and Doge is a dog. Image credits: “Cat”, “Dog”, “Paw”, and “Paw” by Maxim Kulikov under the CC BY 3.0 license.

constraints, which we support with domain-specific parametric
functions (described later in Section 4.2). Note that more expres-
sive, less homomorphic, and less domain-constrained diagrams are
prone to spurious explanations. Furthermore, some advanced visu-
alization methods are parametric (e.g., edge bundling [48, 50, 89],
dimensionality reduction [97, 135]), but the parameters are for vi-
sual clarity rather than domain-based hypothesis reasoning.

Although many visual and verbal explanations are Peircean dia-
grammatic, some are not and leave an interpretability gap. Diagram-
matic explanations need to be iconic to represent concepts, relational
to associate the concepts, and inferential to support reasoning on
the concepts along the relations. Explanations that only describe
input feature values or prediction confidence merely provide declar-
ative facts. Without relating these facts to the model outcome,
they do not explicitly support diagrammatic reasoning. Similarly,
example-based explanations retrieve examples that are similar [63],
contrastive [17], counterfactual [138] or adversarial [61, 143]. How-
ever, without explicitly relating how the differences or similarities
affect the prediction, they are not diagrammatic; users have to make
sense of the comparison with the current instance themselves. Nev-
ertheless, attributing the relations will make these explanations
more diagrammatic. Scatter plot visualizations of multivariate re-
lationships [22] and clusters [5] are also not diagrammatic expla-
nations, since they do not relate why distance or grouping implies
the prediction; though explicitly linking these would make them
diagrammatic explanations.

2.2 Abductive reasoning with hypotheses

On observing an object or event, people engage in various reason-
ing processes. Peirce defined three types of inferential reasoning:
induction, deduction, and abduction [110]. Inductive reasoning in-
fers or learns general rules from features of multiple objects and
events. Deductive reasoning uses premises to infer labels or de-
cisions based on observed evidence; premises can be determined
by logical proposition, probabilistic likelihood, learned rules, or
cost-based criteria [74]. Although abductive reasoning is used less
frequently, it is central to diagnostic or investigative thinking.
Harman defined abduction as "inference to the best explanation”
[39]; instead of inferring a label, this infers the underlying reason,

which could be causal or non-causal [142]. Popper described abduc-
tion as hypothetico-deductive reasoning [113], which emphasizes
that it involves forming and deductively testing hypotheses. Like
[41, 42, 100, 139], we argue that XAI should support user abductive
reasoning over multiple hypotheses to justify the Al model’s pre-
diction. We articulate the steps of the abduction reasoning process:

I. Observe event, noting relevant cues for further reasoning.
II. Hypothesize explanations as potential causes of the observa-
tion that will manifest in specific consequent evidence.
II. Evaluate plausibility by fitting each hypothesis to the obser-
vation and evaluating its corresponding evidence.
IV. Resolve explanation by selecting the simplest hypothesis from
any that have satisfied evidence.

Fig. 2 illustrates the multi-step reasoning process of how people
use abduction to retrieve and test hypotheses to understand their
observations. Fig. 4 describes the abduction process for a more com-
plex decision—cardiac diagnosis based on murmur diagrams. With
diagrams, users can perform abductive reasoning by experimenting
with a different diagram for each hypothesis and evaluating their
fit to the observation [45].

3 Domain application: Clinical background

We investigate using abductive explanations of Al predictions in
medicine. Cardiovascular diseases cause an estimated 17.9 million
worldwide deaths, accounting for 32% of deaths in 2019 [144]. We
aim to develop an early diagnosis Al system for heart disease to
augment clinicians with deficient auscultation skills [6]. When pre-
dictions impact people’s lives, it is critical to provide explanations
for expert review. Here, we describe the background to clarify how
our Al explanations are clinically-relevant for practicing clinicians.

3.1 Heart auscultation

Fig. 3 (Upper-left) shows a partial heart cycle with blood flowing
from the left atrium, into the left ventricle through the mitral valve,
and pumped out through the aortic valve. Valves prevent backward
flow. Their closing produces a "lub-dub” sound: the 1st heart sound
(termed S1) "lub" is from the mitral valve, and the 2nd heart sound
(S2) "dub" is from the aortic valve. S1 and S2 demarcate the systolic
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Figure 3: Upper-left: Anatomy and physiology of the heart to see how blood flows through the left atrium and ventricle
via the aortic and mitral valves, which make lub-dub sounds on their closure. Lower-left: Aortic valve with normal or aor-
tic stenosis pathology showing calcification (in red) that leads to stiffness, resulting the a crescendo-decresendo murmur
sound. See [80] for details on the physiological dynamics of other valvular diseases. Right: Example murmur diagrams
showing typical murmurs for a) aortic stenosis (AS), b) mitral regurgitation (MR), c) mitral valve prolapse (MVP), d) mi-
tral stenosis (MS), and their more severe variants (e-h) with slightly different shapes. Black rectangles indicate normal
"lub" (S1) and "dub” (S2) sounds. Red areas indicate abnormal murmur sounds. See Figs. 6-8 for diagrams on real PCGs.
Image credits: heart drawing adapted from Diagram of the human heart by Ungebeten, and valve drawings adapted from

Aortic valve pathology (CardioNetworks ECHOpedia). All images under the CC BY-SA 3.0 license.

(between S1 and S2) and diastolic phases of the heart cycle. In heart
auscultation, the clinician uses a stethoscope to listen for normal or
abnormal sounds, and makes a first-line cardiac diagnosis [54, 80].
From this, the clinician can decide if follow-up tests are needed,
e.g., echocardiogram, angiogram, but these are costly and invasive.
Abnormal heart sounds—murmurs—may indicate heart disease.
Clinicians make diagnoses by listening to changes in loudness.
These are represented in murmur diagrams [54] (Fig. 3, Right).

3.2 Diagrammatization with murmur diagrams

With murmur diagrams, clinicians orientate themselves to the heart
cycle by S1 and S2 locations, and note when any murmur occurs.
They pay attention to the shape of the murmur (one of possible
shape types) and the heart phase in which it occurred. Note that,
in practice, clinicians mentally imagine these diagrams rather than
explicitly draw them out. We characterize murmur diagrams in the
diagrammatization design space in context of the medical domain:

o Representation ontology. Key concepts are audio amplitude
over time, normal "lub” (S1) and "dub" (S2) sounds, and abnor-
mal murmur sounds. Murmurs can be systolic or diastolic,
have shape categories with specific slopes (crescendo, de-
crescendo, uniform) and may include "clicks".

o Conventions for interpretation. Base: represent heart sounds
with phonocardiograms (PCG) and draw amplitude. Annota-
tions: S1 and S2 positions are demarcated as tall rectangles,
and murmur shapes are drawn with multi-part straight lines.

o Categorical and continuous level of states. Each murmur shape
must fit a categorical profile, but has continuous variation fit
specific observations (e.g., slope steepness, time span length).

o Bounded expressivity. Murmur diagrams show simplified am-
plitudes bounded to murmur shapes, but exclude other con-
cepts (e.g., pitch, stethoscope position, sound radiation).

e High physical homomophism. Murmur shapes can be overlaid
on PCGs to fit to the amplitude, leveraging clinical training
and familiarity on both PCGs and murmur diagrams.

o Geometrical inherent constraints. Murmur shapes are geo-
metrically constrained to be between S1-S2 or S2-S1, have
positive, negative, or flat slopes, and be fitted to amplitude.

Hence, murmur diagrams are expressive, constrained, and con-
ventional to convey explanations with murmur phase and shape
from heart sounds for cardiac diagnosis. Later, we describe our
technical approach for the Al to scaffold abductive reasoning by
evaluating hypotheses and presenting diagrammatic explanations.
By constraining to murmur diagram conventions and abductive
diagnostic reasoning, we aim to increase clinician trust in the model.

3.3 Abductive reasoning for cardiac diagnosis

Clinical diagnosis involves abductive inference to the most likely
disease cause (best explanation) based on symptoms (evidence) [14,
108]. We introduce the domain-specific concepts of cardiac valvular
diseases that is reasoned on, focusing on four prevalent diseases.

1) Aortic Stenosis (AS): the aortic valve leaflets are calcified and
stiff (Fig. 3, Lower-left), narrowing the valve opening (i.e.,
stenosis), causing a high-pitched noise that loudens as the
valve opens and softens as it closes. This systolic crescendo-
descresendo murmur is visualized as a diamond shape (Fig.
3a). In severe AS, the shape apex is later and lower, due to
delayed valve closure and weaker heart (Fig. 3e).

2) Mitral Regurgitation (MR): the mitral valve fails to fully close,
allowing backward blood flow (i.e., regurgitation), heard as
a constant, high-pitched murmur during the systolic heart
phase. This is visualized as a uniform low-amplitude sound
(Fig. 3b). Sometimes the valve opens mid-systole (Fig. 3f).

3) Mitral Valve Prolapse (MVP): the tendons keeping the mitral
valve closed fails, causing the valve to pop open (prolapse),
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Figure 4: Abductive reasoning for cardiac diagnosis to I) observe an abnormal murmur, IT) hypothesize possible diagnoses (N, AS,
MR, MVP, MS) and retrieve corresponding rules that relate to evident symptoms of murmur heart phase and murmur shape, III)
evaluate the coherence of all symptoms with respect to the observation and deduce via backward chaining on each hypothesis
rule to determine the plausibility of each hypothesis, and IV) resolve to select the plausible explanation with simplest murmur
shape function to infer the best fit to the observation (AS in this case). Although the murmur shapes for MVP and MS could
fit the murmur equally well as that for AS, these two shapes are increasingly complex, and thus less preferred based on the
principle of parsimony. False premises are indicated with a cross negation line, and less preferred premises with dashed lines.

allowing blood to regurgitate. This opening is heard as a mid-
systolic "click", visualized as a vertical line (Fig. 3c). Often the
regurgitation is audible as a uniform, high-pitched murmur,
which is MVP with MR (Fig. 3g).

Mitral Stenosis (MS): the mitral valve leaflets fuse (i.e., steno-
sis) due to rheumatic heart disease, reducing blood flow
during the diastolic heart phase (Fig. 3d). After the S2 "dub",
the valve snaps open with a "click" sound, enabling blood
flow, followed by a decrescendo as flow reduces, then a con-
stant low-pitch "rumble”, and a crescendo before the next S1.
Severe MS has an earlier "click" during diastole and longer
murmur decrescendo (Fig. 3h).
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With the aforementioned medical background and know-how
to interpret murmur diagrams, the clinician can diagnose using
abductive reasoning as shown in Fig. 4. On observing an abnormal
murmur, the clinician hypothesizes plausible diseases, and evaluates
based on their expected symptoms. The murmur heart phase was
evaluated to be Systolic, thus ruling out N and MS. Furthermore, the
murmur shape was evaluated to fit that of AS, MVP or MS, but the
latter two are overly-complex. Being parsimonious, the clinician
would choose the simplest explanation and diagnose AS.

3.4 Related work on medical XAI

Several works have pursued XAI in medicine due to its critical
need [81]. Wang et al. showed how XAI can mitigate cognitive bi-
ases in medical diagnoses [139]. Cai et al. identified requirements for
trust in medical Al including to “compare and contrast Al schemas
relative to known human decision-making schemas” [19]. SMILEY
was designed to find similar pathology cases by region, example
and concept-based explanations [18]. Lundberg et al. proposed tree-
based explanations to address “model mismatch — where the true
relationships in data do not match the form of the model” [86]. Tjoa
and Guan’s review of medical XAI identified several challenges,
including the lack of interpretability, explanation unfaithfulness,
and need for data science training in medical education [134]. In
contrast, Vellido argued for the “need to integrate the medical experts

in the design of data analysis interpretation strategies” [137]. Simi-
larly, we use diagrammatization and abduction to imbue medical
expertise into XAIL Corti et al. found that clinicians desire explana-
tions that are multimodal, interactive and actionable [24]. We focus
on another requirement: domain alignment for clinical relevance.

Regarding our focus on Al for cardiac disease, much work has
been on electrocardiogram (ECG) [131], and less on phonocardio-
grams (PCG). Yet, the few works on PCG focus on classifying normal
or abnormal sounds [126], or segmenting time [29]. These lack clin-
ical usefulness, since they do not provide a differential diagnosis of
multiple plausible diagnoses. Work on XAI for PCGs is even more
sparse, focusing on saliency maps on spectrograms [27, 117, 118],
which we show later are unconvincing to clinicians.

4 Technical approach

We developed an ante-hoc interpretable model for high-stakes car-
diac diagnosis from phonocardiograms (PCG). Aligning to clinical
practice, the model performs diagrammatization for murmur di-
agrams and abduction for diagnostic reasoning. We describe our
data preparation, diagram formalization, and proposed model.

4.1 Heart auscultation data preparation

4.1.1 Dataset. We trained models on the the dataset by Yaseen et
al. [146] comprising 1000 audio recordings of heart cycles, each
1.15-3.99s long, sampled at 8 kHz. There are 200 recordings of each
diagnosis: N, AS, MR, MVP, and MS.

4.1.2  Preprocessing. To classify auscultations starting at any time
point, we created instances based on sliding windows with length
1.0s (8000 samples) and stride 0.1s. The window length was chosen
so that each instance contained only one heart cycle to simplify
murmur predictions. In total, we had 14,672 instances, which was
sufficiently large for deep learning achieving 86.0% for a base CNN,
and 95.7% for our proposed model. We split the data into 50% train-
ing and test sets, and ensured all time windows for the same audio
files were only in either set. We then extracted the time series audio
amplitude a = A(x) to estimate murmur shapes later.
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Table 2: Formalization of murmur shapes as piecewise linear functions F(¢|0) of murmur amplitude (red shape) changes over
time ¢. [] represents the Iverson bracket, which is 1 if its internal expression is true and 0 otherwise.

Diagnosis y Murmur Diagram

Heart Phase ¢

Shape Function F (¢|6) Parameters 6

N [

S1 S2
Ty T2
<t< + t—
AS o Systolic [ <t <o ](mo+m(t —m) 71, 7L,
T +r < t](=(m +m)(t - 12))) 70, 701, 702
1 T2 T
To . 71, TL,
MR |:| '—'[I Systolic [r1 <t <71L]m
7o
T1 TL
_ << + t—
Ty [\~Tq . [n = ol (mo +mi ( @) 71, T2, T3, TL,
MVP Systolic +r2 < t](-2m (¢ — 12)
7T, 711
T1T2T3 Ty, +rs < t](m(t - 13))))
[r1 <t < 7] (mo+m (L —11)
MS |:| ””1[\—”1 T . Diastolic +r < t](-2m(t - ) 71, T2, T3, T4, TL,
. +[zs < t](m(t - 13) 70, TT1, 703
17273 Ta Ty
+lr < t](m(t - 1))

4.1.3  Annotation. The dataset only had diagnosis labels, so we
manually annotated the murmur start 71 and end 7z, respectively.
Using this segment, we fit a nonlinear function describing the cor-
rect murmur shape of each time series instance, described in Section
4.2. The annotations were performed and verified in consultation
with our cardiologist collaborators. Since it was prohibitively ex-
pensive to recruit clinicians as annotators, we trained ourselves
(computer scientists) to understand the domain concepts of auscul-
tation and murmurs. Two annotators checked the annotations for
consistency with each diagnosis as described in Section 3.3 using
time series visualizations of all PCGs.

4.2 Diagram ontology: Murmur shapes as
piecewise linear functions

To constrain murmur diagrams with the ontology of murmur shapes,
we formulated murmur shapes as parametric functions J(¢|0)
over time t with parameters 6 = (z, 7). We modeled crescendo,
decrescendo, and uniform slopes as straight lines, and the full shape
as a piecewise linear function. Other considered function families
were problematic. Taylor series would include clinically irrelevant,
spurious mathematical artifacts. Fourier series, which spectrograms
actually represent, would capture frequency information in mur-
murs, but not the amplitude shapes.

All candidate murmur shapes share the murmur segment start
71 and end 77, time parameters, but can have varying number of
time 7 and slope & parameters depending on the complexity of
the shape. Crescendos are modeled as lines with positive slope,
decrescendos as lines with negative slope, and uniform with 0 slope.
Table 2 illustrates the murmur shapes mathematically with relevant
parameters 6, and their shape function F(¢|0) equations:

1) Normal (N) has no murmurs, so murmur segment start
and end 77 are undefined @, and Fn (¢|0) = 0 by definition.

2) Aortic stenosis (AS) has a crescendo-decrescendo murmur
starting at sty with positive slope 77 from 77 to 72 and nega-
tive slope —m from 73 to 7z.

3) Mitral regurgitation (MR) has a uniform murmur between 71
and 7, at amplitude level 7.

4) Mitral valve prolapse (MVP) murmurs start with a "click”,
modeled as a short spike with slopes 7; and —m; from 7y
through 7, to 73, then uniform murmur spanning 3 to 7,
with 0 slope, which may have 0 amplitude if no MR.

5) Mitral stenosis (MS) has similar shape to MVP, but this mur-
mur happens in the diastolic heart phase, not systolic, and
ends with a positive slope 73 crescendo from 74 to 7.

4.3 DiagramNet: Diagrammatic network with
abductive explanations of murmur shapes

We introduce DiagramNet, a deep neural network meta-architecture
inspired by the multi-step abductive reasoning process to infer the
best explanation as the prediction (see Fig. 5). Unlike standard neu-
ral networks that tend to learn spurious and unintelligible neural
activation, DiagramNet aligns to the clinical diagnosis domain by
constraining with structural priors [49] to implement the 4-step
abduction process in 7 stages for perceptual and abductive predic-
tions, and