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Abstract

Knowledge representations supporting reasoning are versatile
and enable automated use cases such as testing and verifica-
tion. In contrast to purely data-driven approaches to Al, logical
reasoning is explainable. Logic for encoding knowledge yields
tremendous potential because of a strong theoretical foundation,
and there exist efficient solvers. However, within medicine, we do
not find a publicly accessible corpus of expert knowledge encoded
in logic. Construction of such a corpus usually requires manual
effort and experts in the field, as well as in formal methods. In
this work, we contribute by describing a methodology for the au-
tomated extraction of logical formulae through interacting with
a questionnaire, which is based on a database curated by medical
professionals. We propose to use tree traversal and automated
predicate extraction from question/answer-nodes comprising
natural language. The proposed methods are already established
in graph theory, natural language processing, and autoformaliza-
tion. Hence, we use synergies from different research domains to
enable the creation of a logical corpus of medical expert knowl-
edge. With this paper, we lay the basis for future work and hope to
contribute to use cases, such as rigorous testing of large language
models and other medical expert systems.
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1 Introduction & Related Work

Logical formalisms, like First-Order Logic (FOL), or the Answer
Set Programming paradigm (ASP) [12], can be used to encode
knowledge enabling reasoning through theorem provers/solvers,
such as Prover9 [15] or Clingo [11]. Having a logical knowledge
base, one can easily query existing facts, check statements for
consistency, and infer new knowledge. Consider now a medical
knowledge base KB, where symptoms are mapped to diagnoses
such that one can infer a set of diagnoses given a set of facts about
a person, and a set of symptoms. Given a proper user interface,
this can be directly used as an expert system. What is more, it
can be used as a test oracle for comparisons with other medical
expert systems, providing a transparent view of how diagnoses
are made. Even more interestingly, we can evaluate large lan-
guage models (LLMs) tasked with diagnosing a person given the
same input, which we already demonstrated in earlier work [19,
18]. Although there exist benchmarks & datasets for question
answering [14] and natural language inference [21] in medicine,
we do not find a dataset that fulfills the described properties and
is publicly available. Hence, our goal is to build such a knowl-
edge base. As manually creating a gold standard dataset requires
expert knowledge and is costly, we propose the automated en-
richment of an existing database, which can be accessed through
a questionnaire. More specifically, we show how to extract logical
formulae from NetDoktor’s ,Symptom-Checker® questionnaire
(SCQ) [20], which is curated by medical professionals and is
based on the AMBOSS dataset [1]. Our methodology aims for
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automated formalization, i.e., autoformalization of knowledge
encoded in natural language. Furthermore, we contribute by elab-
orating how to leverage the fact that tree representations can be
converted into logical formulae [2]. Vice versa, tree structures
can be created from logical sentences [5]. A benefit of having
a decision tree from a knowledge base is being able to exactly
compute bias in the diagnoses (and the knowledge base), as well
as the sufficient and necessary reasons behind decisions [9, 2],
even in cases of trees with non-binary features (multiple choice
questions) [13]. That said, this work directly builds upon our
earlier work [19], where we outline the concept of representing
a medical questionnaire as a decision tree.

At this point, it makes sense to introduce medical question-
naires & similar systems, such as chatbots: The main idea is
to provide answers to a user given symptomatic and/or other
information about a person. They are used by the general pub-
lic and medical professionals alike, and their application varies
from general health assessment, over risk calculators to medical
triage [16]. These systems often use different combinations of
rule-based and data-driven approaches [3, 7]. Most recently, gen-
eral purpose, as well as domain-specific LLMs, are heavily utilized
as well [17, 22, 6], which increases the demand for testing them.
We argue that it makes sense to rely on an evaluation method-
ology that is fully understandable, deterministic, and finite to
test non-deterministic, black box systems, such as LLMs. This
brings us back to medical questionnaires in the classical sense,
from which we will extract a logical knowledge base. Questions
within a medical questionnaire can be distinguished in several
ways. Namely, we distinguish by:

e Question format:
— Open-ended questions (Type 1).
- Closed-ended questions (Type 2).
e Fact permanence:
— Questions about what a person is, which yield perma-
nent facts about a person.
— Questions about what a person has, which yield tempo-
rary facts about a person, i.e. symptoms.
e Question requirement:
— Obligatory questions.
— Optional questions, with an option to skip.
e Answer types:
— Predefined options to answer.
— Freeform answers (not present in SCQ).

Note that these categories are mutually exclusive within but
not across distinguishable dimensions, e.g., in principle, it is pos-
sible to either have obligatory or optional questions that are
open-ended, as well as closed-ended. Having introduced the gen-
eral problem and domain, we will now proceed with describing
a methodology for the enrichment of an expert dataset, with
logical representations through tree traversal & basic semantic
parsing.

2 Methodology

This work aims to automatically extract logical formulae from
knowledge encoded in structured, natural language. Thus, there
are three parts to the proposed methodology:

(1) Extraction of the structure, through tree construction.
(2) Extraction of predicate names from natural language.
(3) Aggregation of formulae, through tree traversal.
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While our methods are universally applicable to extracting knowl-
edge from any questionnaire of a similar form, we base all elabo-
rations on SCQ.

2.1 Tree Representations of Questionnaires

In this work, we represent medical questionnaires as decision
trees. We first look at creating a simple tree T from SCQ, which
corresponds to a session a user might have with the tool:

The root node r(T) is always a question with which every new
session is started: Um wen geht es? (Who is this about?). From this
root node r(T), the tree branches down in a depth-first manner,
starting with obligatory questions of Type 1, and followed by
optional Type 2 questions. The leaf node(s) I(T) represent a set
A of diagnoses proposed by SCQ.

Given a tree T with a root node r(T), any number of reg-
ular nodes n;(T),i = 1,... N — 1! and leaf nodes I(T), a walk
2[10] defines a “Tree Path Structure” from the root to any other
node, including the leaf node i.e. the diagnosis possible within
the system. Since we know that we can treat trees as graphical
representations of logical formulae in disjunctive normal form
(DNF), we can write that any tree path structure represents a
world w that satisfies at least one diagnosis , w |= 8. In other
words, models of any diagnosis 6 , Mods(0) is any set of variable
assignments that lead to that diagnosis. In most cases, there will
be more than one diagnosis given for a world w, we denote this
asw | A, § € A, where A is a subset of all possible diagnoses,
A C D 3. The set of all diagnoses D is satisfied by the union of
worlds of all diagnoses: Mods(D) = Ujvi
number of possible diagnoses.

We show a simple example: A diagnosis J7 (acute gastroenteri-
tis) is given as a result if a patient has nausea (A) and stomach
ache (B) and either fever (C) or diarrhea (D). Another diagnosis
J2 (gastritis) is a result if a patient has nausea (A) and stomach
ache (B) without fever (—=C) and diarrhea (—D). We can write this
as a set of formulae in DNF as:

61 =(AANBAC)V (AABAD), (1)
§2=AANBA-CA=-D 2)

oW where M is the

, which we can represent as a decision tree shown in Figure 2.
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Figure 2: Example 1 as Decision Tree

In Figure 2, a full edge between any two variables represents a
truth assignment to the upper variable in the tree based on which

no(T) = r(T) and nn (T) = I(T)

2A walk in this context refers to its graph-theoretical definition: In a graph (V, E) :
G,E C [V]? awalk is a sequence vge;y, ..., €510y, of alternating vertices and
edges such that V; : e; = {0;_1,0; }.

In general: A ¢ D. However, A € D iff w= {0}.
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the lower variable follows. The dashed edge between represents
a false assignment to the upper variable from which the lower
variable follows. The walk highlighted in blue represents one
possible instantiation of symptoms where the patient has nausea,
a stomach ache, and diarrhea without fever. The three dots ("- - -")
in Figure 2 denote that there are parts of the tree not shown in
the example but may exist in the complete tree representation.
We would also like to point out that there may exist multiple
walks to any single node in the tree, including the leaf nodes
(wi,wj E A, wi # w;,i # j), something that is excluded in the
example in Figure 2 for clarity.

Finally, we summarize how to extract a complete tree out of
SCQ, following a depth-first-search methodology: Opening the
first session with the questionnaire corresponds to creating a root
node. This is followed by answering questions systematically, re-
membering all questions and answers, and adding corresponding
nodes to the tree. At the end of one session, we are presented
with a set of diagnoses, which represent the leaf nodes in the tree.
This procedure is repeated until we have traversed the entire
search space. For further explanations, we refer the interested
reader to our previous work [19], which provides elaborations
on SCQ, and extracted tree nodes. Due to space limitations of
visually representing large trees, we provide examples separately,
which can be downloaded at*.

2.2 Predicate Extraction

For now, we assumed the nodes of the constructed tree repre-
sentation to be directly usable as predicates. However, as the
nodes correspond to statements (e.g., sentences, words, or noun
phrases) in natural language (NL), we first have to extract predi-
cates. Moreover, in order to enable more than two answers per
question, we extend the simplified tree structure from above by
the inclusion of separate answer nodes. Thus, we have three
types of NL nodes: Questions, corresponding answers, and di-
agnoses. Furthermore, we assume to remember the relation of
questions to their answers and a basic classification of question
types into "Type 1", i.e., open-ended, and "Type 2", i.e., closed-
ended questions. This distinction can also be seen in Figure 3.

[ B: What is your main symptom” A: Do you have nausea? ]

ParseTypel (B) :
stomach_ache

l
)
ok

ParseTypeZ2 (A) :
nausea

(a) Type 1: Open-Ended (b) Type 2: Closed-Ended

:

[ 8;: Acute Gastroenteritis ]

ParseDiagnosis () :
acute_gastroenteritis

(c) Diagnosis

Figure 3: Predicate Extraction through Parsing Functions
for Different Question Types, & Diagnoses
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We define three node-level parsing functions: 1) ParseTypeT,
2) ParseType2, and 3) ParseDiagnosis, which are explained
visually in Figure 3. We can simplify the step of autoformaliza-
tion, as the NL statements found in SCQ show a very limited
linguistic complexity. Therefore, we propose to either use naive
semantic parsing or LLM-based predicate extraction. For the
naive approach, one would simply return the object of a sentence
(i.e., singular word or whole noun phrase), modified for the for-
mal language in question. ASP, as used in Clingo, for instance,
demands predicates to be written in lower case and allows un-
derscores for separating words in predicate names, which can be
seen in Figure 3. Table 1 shows further examples for predicate
extractions.

2.3 Formula Aggregation

Continuing with the aggregation of the extracted predicates into
logical formulae, we propose a simple algorithm: The input is
the (extended) tree T, or rather its root node r(T), and the out-
put is a list of formulae, corresponding to all paths in the tree,
each comprising premises (i.e. the symptomatic), and conclusions
(i.e. diagnoses). Both premises as well as conclusions include ex-
tracted and parsed predicates, and can now be joined to form
strings, depending on the target formalism and solver/theorem
prover.

Algorithm 1 SCQ Tree Traversal for Formula Aggregation

Input: Root node r(T) (assumed to be the first question)

Output: A list of all paths, corresponding to formulae:
(i) a list of premises (i.e., antecedent), and
(ii) a list of conclusions (i.e., consequent).

1: function TREETRAVERSAL(r(T))

2 Formulae « [ ] > Final list of aggregated formulae

3 Visit(r(T), [ ], [ ], Formulae)

4 return Formulae

5: end function

6: function Visit(node, Premises, Conclusions, Formulae)

7 if node.type = "Leaf Node" then

8 C « ParseDi1aGNoOsIs(node)

9 Conclusions < Conclusions U {C}

10: append (Premises, Conclusions) to Formulae
11: return

12: end if

13: if node.type = "Question" then

14: for each child in node.children do

15: if node.subtype = "Typel" then

16: P « PARrseTYPE1(child)

17: else if node.subtype = "Type2" then

18: P « ParseTYPE2(node, child)

19: end if

20: Premises «— Premises U {P}

21: Vistt(child, Premises, Conclusions, Formulae)
22: end for

23: end if

24: end function

As can be seen in Lines 1-5 of Algorithm 1, the depth-first
search is started by calling the TREETRAVERSAL function with
the r(T). Next, a VisiT function (Lines 6-24) is called recursively,
visiting all nodes on a path until it reaches the/each leaf node
(Line 7).
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Tree Node .
ID | Type Predicate
Question Selected Answer
Geht es um eine Frau oder einen Mann? Weiblich
1 1 female
Is it about a woman or a man? Female
Wo treten die Beschwerden auf? Kopf
2 1 P head
Where do the symptoms occur? Head
Wihle dein wichtigstes Symptom Schnarchen .
3 1 snoring
Select your most important symptom Snoring
Leidet die Person unter Schnupfen oder laufender Nase? Ja
4 2 cold V runny_nose
Does the person have a cold or runny nose? Yes
Ist die Haut (stellenweise) gerotet? Nein .
5 2 .( ) )8 —reddened_skin
Is the skin reddened (in places)? No
6 ) Hattest du schon einmal eine Allergie? Uberspringen y
Have you ever had an allergy? Skip

Table 1: Exemplary Predicates by ID, Extracted from Question- & Answer-Tree-Nodes. For Type 1 questions, predicates are
extracted from answers. Type 2 questions yield predicates directly, while (potential) negations are extracted from answers.

3 Conclusion & Future Work

In summary, we propose a methodology for constructing &
traversing trees from medical questionnaires for the extraction of
logical formulae. We describe how to leverage this to construct a
medical knowledge base, which can be used for reasoning and en-
ables future work, such as testing LLMs. Future work on decision
trees extracted from medical questionnaires will include dealing
with multiple paths to the same diagnosis, the intersection of
structured tree paths, redundant trees, as well as transforming
the large trees into different structures that allow for more effi-
cient computation of certain properties. These include ordered
binary decision diagrams [4] and deterministic decomposable
negation normal form (d-DNNF) circuits [8], offering the pos-
sibility of model counting (asking what diagnoses are possible
for any subset of symptoms), reasoning about the biases in the
knowledge base by analyzing the decisions made, giving us a
complete reason behind a diagnoses from which we can com-
pute the sufficient reason (the reason why that diagnosis was
chosen) and the necessary reason (why any other diagnosis was
not chosen) [9, 13, 2]. With these analyses, we hope to gain fur-
ther insights into the knowledge base of SCQ and find new and
interesting ways of using its logically enriched form. Ultimately
we hope to enable new testing strategies of Al-based systems in
medicine, particularly LLMs.
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