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Abstract: Despite substantial gains facilitated by Artificial
Intelligence (AI) in recent years, it has to be applied very
cautiously in sensitive domains like medicine due to the
lack of explainability of many methods in this field. We
aim to provide a system to overcome these issues of
medical Al applications by means of our concept of med-
ical operational AI detailed in this paper. We make use of
various methods of AI and utilize knowledge graphs in
particular. The latter is continuously updated by medical
experts based on medical literature such as peer-reviewed
papers and standard online sources such as UpToDate. We
thoroughly derive a multi-level system tackling the cor-
responding challenges. In particular, its design encom-
passes (i) holistic diagnostic assistance on a macro level,
(ii) predicitions and detailed suggestions for specific
medical domains on a micro level, as well as (iii) Al-based
optimizations of the overall system on a meta level. We
detail practical merits of medical operational AI and
discuss the state of the art beyond our solution.

Keywords: explainable artificial intelligence; medical
diagnostics; system design.

Introduction

Despite the substantial gains facilitated by Al in recent
years, the corresponding intricate systems often come
with a substantial drawback: a lack in explainability. In
general so-called Explainable Artificial Intelligence (XAI)
makes Al intelligible to its (human) users [1]. Especially in
sensitive domains such as medicine, Al is required to pro-
vide not only an accurate prediction but also transparent
reasons for that prediction [2]. We aim to overcome these
issues of Al applications in sensitive medical domains. In
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further pursuing our research vision [cf. 3, 4], we develop a

system explicating, how Al can be used in medical domains.

In particular, that system’s design encompasses (i) holistic

diagnostic assistance on a macro level, (ii) predicitions and

detailed suggestions for specific medical domains on a

micro level, as well as (iii) Al-based optimizations of the

overall system on a meta level.
We detail the subsequent approach towards a sensitive
application of AI methods in medical practice as follows:

— We provide a short overview of XAI — one of the pre-
requisites of applying Al in a sensitive domain such as
medicine.

— We outline the concept of medical operational AI and
develop a multi-level approach for applying Al in med-
ical practice.

— Weoutline our current state of implementing that multi-
level approach in medical practice.

— We discuss the state of the art and compare it to our
solution.

Materials and methods

We rely on various forms of AI (Throughout the remaining parts of
this paper, we refrain from using the term of Machine Learning (ML)
adjacent to Al for the sake of comprehensibility) in our contributions,
which we consider as a family of systems, aiming for human behavior
or intelligence [5]. Often enough, these AI systems rely on concepts of
artificial neural networks and deep learning [cf. 6]. Despite their
strengths, their output and decisions are usually opaque and
non-interpretable [7]. Interpretability enables the user of an Al
model to make sense of its constituent components and thus helps to
understand the required calculations and logical decisions made to
produce an output based on a certain input.

We use the term Medical Operational Al to differentiate our
approach from both regular medical operations as well as medical
research Al. While nowadays regular medical operations are usually
digitized or to some degree even digitally automated, their focus rather
lies on documentation of medical processes and communication
among different branches of the medical system. In part due to the
sensitive nature of the medical domain, applications of state-of-the-art
Al technologies are often limited to smaller clinical trials and research
projects. Medical Operational Al aims to bridge that gap between state-
of-the-art AI and regular medical operations.

We make use of the method of a knowledge graph [8, 9] to
represent medical knowledge and its influence on a plethora of
diagnoses. In general, a knowledge graph aims to represent a body of
knowledge by representing its concepts via nodes connected via their
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respective interrelations [8]. Then, reasoning on such a knowledge
graph means to uncover new relations [10]. In order to do so, we use a
rule-based system. Rule-based systems rely on a processing paradigm
analogous to “IF-THEN rules” of medical guidelines. Thus, they do not
only resemble existing decision guidelines in the medical domain, but
are considered explainable by-design, since these rules explicate how a
decision is made and which data is involved.

Ji et al. [11] provide an overview of different processing paradigms
for knowledge graphs, like knowledge representation learning, knowl-
edge acquisition, temporal knowledge graphs, and knowledge aware
applications. We consider medical operational AI on both a knowledge
graph as well as patient data a special case of knowledge reasoning as a
part of knowledge acquisition, since it aims to discover hidden relations
between that data and medical graph entities such as diseases. In this
case, knowledge reasoning provides an answer to questions like.

Which disease is most likely given the provided patient data?

Such a knowledge reasoning process interrelates patient data with
information from the knowledge graph.

To ensure the correctness of our medical knowledge graph, mul-
tiple medical experts (internal to medicalvalues GmbH as well as
external) are part of this process extracting knowledge from scientific
sources and detecting errors. Among these sources are papers published
to peer-reviewed papers, PubMed (https://pubmed.ncbinlm.nih.gov/),
UpToDate (https://www.uptodate.com/), etc. In order to aid medical
experts in this process, we use Natural Language Processing (NLP) [12,
13] to extract medical knowledge from identified scientific sources. NLP
can be seen as the intersection of Al and linguistics and can be used to
summarize texts, answer specific questions, or highlight specific parts of
texts. Common NLP tasks used to extract information from texts include
Named-Entity-Recognition, Relation Extraction (RE) or Question
Answering [14].

Furthermore, we utilize Automated Machine Learning (AutoML)
[15-18], which automatically selects the right Al method for a particular
problem. In particular, AutoML automates the search for an apt Al
method in a specific scenario and integrating that search with the in-
dividual learning procedures.

Results

We design a multi-level system for medical operational Al
and identified the following three levels (summarized by
Table 1), where each one of them comes with its own ob-
jectives and challenges:

Macro Level At the macro level, medical operational Al
is designed to make predictions for a given patient
based on comprehensive medical knowledge. This
way, multi-modal data (e.g. symptoms, anamnestic
data, laboratory and radiological findings) is pro-
cessed in a structured way transparent to the user.

Micro Level Micro level medical operational Al refers to
applications specialized for predictions on a smaller
scale. For example, these micro level applications
include predictions of laboratory results to enable
anticipatory clinical actions.
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Table 1: Medical operational Al on macro-, micro- and meta-level.

Macro level Micro level Meta level
Goal (Diagnostic) pre- Al for specialized Al for optimizing
dictions w.r.t. medical scenarios Al usage on mi-
comprehensive body cro- and macro-
of medical knowledge level
Methods Heuristic, rule-based  Scenario-specific NLP (NLP),
reasoning on knowl-  selection of Al missing link
edge graph methods detection [3],
AutoML (AutoML)
Data Full data on patient  Scenario-specific ~ Full data on pa-
and their treatment  dataon patientand tient and their
their treatment treatment, data
on used Al
models, Al model
usage metrics
Examples Differential diagnosis Predicting future  Detecting missing
of patient with fatigue development of links in the
hemoglobin levels knowledge graph

during cancer on macro-level

treatment

Meta Level At the meta level, we use Al to ease the cre-
ation, updating, as well as maintenance of Al systems
of both other levels. Thus, the meta level in particular
contributes to automating medical operational Al it-
self as well as its applications. Beyond the aspect of
automation, meta level also acts as a layer interfacing
AT and medicine respectively medical research.

In the following three subsections, we specify these different
levels of medical operational Al in detail and provide infor-
mation on the methods used as well as required technologies.

Macro level: Al on entirety of medical
knowledge

We define the entire body of medical knowledge as a huge
set of highly interrelated entities, from high level concep-
tualizations such as symptoms and diagnoses down to
individual patient data such as age, gender, or laboratory
results. Among their interrelations are causal ones like
smoking cigarettes increases risk of lung cancer and those
explicating similarities like leukemia is a type of cancer.
This representation method is not only intuitive to
humans, but also resembles the above-mentioned knowl-
edge graphs [11] — a typical machine-readable knowledge
representation. Therefore, we propose to use knowledge
graphs to represent the medical body of knowledge in an
intelligible format both to humans and machines. A
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machine and its medical operational Al in particular are
then able to (i) make sense of patient data, (ii) interrelate it
with that knowledge graph, and (iii) provide a prediction
like diagnostic suggestions and recommended further
examinations.

Figure 1 shows an exemplary excerpt from a medical
knowledge graph on path-based anaemia diagnostics. It may
encompass several different rules on different levels of
medical observation such as physical examinations, labo-
ratory and imaging results. Each rule impacts the final
diagnosis to a different degree and assesses the influence of
various findings, pre-existing diseases, laboratory results,
etc. A diagnosis node assigns the corresponding ICD-
10-coded disease. Every connected bit of information comes
with an assigned scientific source transparently communi-
cating the underlying medical literature. Finally, this path is
framed by two path nodes managing meta information such
as the path’s medical review status.

We designed heuristic procedures to cope with the
heterogeneous and usually incomplete nature of medical
data [cf. [19], where a qualified majority of rules need to
apply for a justified diagnosis. In other words, we propose to
infer new information about a patient and its relation to the
entities of a medical knowledge graph by means of the
heuristic rules and relations the latter embodies.

Given the outlined architecture, interpretability is
already baked into medical operational Al on macro level.
Furthermore, we require every information encoded in the
knowledge graph to be equipped with a medical identifier
based on standards like Logical Observation Identifiers
Names and Codes (LOINC), International Statistical Classi-
fication of Diseases and Related Health Problems 10
(ICD-10), etc. to foster interpretability. Finally, additional
contextual information is included in the knowledge graph
by referencing the scientific literature each graph entity
and relation stems from.

Although the perspective of a medical knowledge
graph is intuitive and comprehensible to experts and non-
experts alike, medicine’s deep scientific roots require its
knowledge to be initially represented via papers, books,
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and other forms of scientific literature. Therefore, a
continuous process is required intaking literature and
translating it to knowledge graph entities as well as
relations. While offering potential for automation, medical
experts must be involved in this process in order to validate
the produced graph and its accordance with the respective
literature. Furthermore, patient data can be involved in the
process to recommend optimizations of the graph and
suggest previously unknown connections [3] to medical
experts.

This concludes our proposal for medical operational Al
on a macro level.

Micro level: AI for specialized scenarios

Beyond the big picture of interrelating patient data with
the entirety of the medical body of knowledge, we are
currently working on a second level of medical operational
Al i.e. micro level. There, Al enables to provide insights
on a detailed level, where the focus lies on the distinct
requirements of certain medical domains, the diagnosis of
specific diseases, and needs of different kinds of medical
practitioners.

Since micro level medical operational Al refers to a
plethora of different scenarios, we exemplify it by means of
two distinct scenarios.

Predicting future laboratory results Over the course
of a particular therapy or differential diagnosis,
measurements like laboratory results are often
measured several times in order to monitor a tem-
poral progression. Here, Al and regression methods
in particular can provide assistance by projecting
the current series of measurements into the future
and predicting upcoming values.

Assistance in imaging-based diagnostics Besides
physical examination and measuring laboratory re-
sults, specific imaging procedures (e.g. visual recog-
nition of intestinal polyps) are an important part of
medical diagnoses. The interpretation of the resulting
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images is a non-trivial task, where Al can provide
valuable suggestions to the respective physician.
Computer vision Al can provide suggestions via im-
age classification or the identification of suspicious
regions within an image [6, 20, 21]. Due to the abun-
dance of solutions in that area, image-based di-
agnostics, we currently focus only on the produced
imaging results, e.g. “ulceration of colon is present”.

Meta level: AI for medical operational Al

On a meta level, we use Al to ease processes induced on the
micro and macro level. Especially on the macro level, Al
relies on a structured medical knowledge base in order to
infer diagnostic predictions from patient data. Likewise, that
knowledge helps to increase the reliability of predictions on
the micro level. Therefore, aiming for the best possible
outcomes requires access to an up-to-date, reliable, and well-
defined knowledge base (as obtained on the macro level, cf.
Subsection 3.1).

Maintaining medical knowledge

Before integration into the medical domain, new connec-
tions within the medical knowledge graph undergo an
elaborate human-governed review (cf. Subsection 3.1). That
process of translating medical research literature into
machine-readable knowledge can be divided into three
steps:

(1) Identify relevant literature containing medical knowledge.
(2) Verify documents for validity.

(3) Extract and structure knowledge in machine-readable

format.

Due to the time-consuming nature of this process, we pro-
pose to use Al to automate parts of it, while keeping medical
experts in control. Over the course of the resulting medical
knowledge extraction procedure, medical experts need to
stay in the loop by reviewing and adapting (i) the document
corpus, (ii) the annotation of documents, (iii) as well as the
resulting structured knowledge.

Detecting missing links

We regard the process of medical research as one uncover-
ing missing links and entities (such as diseases, biomarkers,
and diagnostic pathways) within the body of medical
knowledge, thus within a medical knowledge graph. Given
our medical knowledge graph, we use Al to automatically
uncover potentially missing links, too. Still, that process of
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acquiring knowledge should be (i) strictly separated from
the application of knowledge as well as (ii) include super-
vision and control by human medical experts. This way, the
application of medical operational Al systems can help to
detect missing links within a medical knowledge graph and
therefore support medical research.

The application of medical operational Al systems
produces a high amount of valuable data. With help of these
data it is possible to detect previously unknown links
and consequently improve the system. Approaches that
combine the knowledge base with patient data automate
the detection of possibly important links [3]. In prior work,
we already showed on a real-world dataset, that bringing
together knowledge and patient data enables to reveal
previously unknown connections [22]. Consequently, no
new data is added to the knowledge base before it was
reviewed by multiple human experts.

Application examples

In the previous part of this section, we described a system-
atic approach to tackle the arising challenge of medical
operational Al In this section, we present exemplary results
on how that approach implemented by medicalvalues GmbH
performs in diagnostic scenarios. The following descriptions
represent our current stage of development as of April 2023.

The medicalvalues GmbH employs a group of medical
experts constantly translating medical scientific literature
into new or updated parts of the knowledge graph. Table 2
shows high-level statistics resulting from this translating
process and explicates the amount of medical knowledge
present. That current state of the knowledge graph already
covers a substantial part of the entire medical knowledge,
although the latter’s sheer size and velocity of growth is a
continuous challenge.

For our first example, we use a standard scenario
from [23] for iron-deficiency anemia illustrated by Figure 2.

Table 2: Statistics on the current state of knowledge graph at
medicalvalues GmbH.

Prominent entity type Amount
Diseases 2,232
Findings & other symptoms 2,911
Imaging results & procedures 1,095
Laboratory results 1,540
Patient base data 150
Scientific sources 1,591
All entities 19,517
All relations 41,687
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5 medicalvalues Diagnostic Expert &% Patients > & Patient: Emil Encokardits (Male, 78Y)
§ symptoms Q B conditions Q & taboratory Q
(+]
Descript Descrptior 10 Description Result Reference range  Interpretatior oat
A X
PRESENT PRESENT i -
. protein 2.6 mgrdL 0s anei23
13
Cardiac murmur Dementia '"“5“”"'“""
c blood
ompleteblood 319 40-52 v 4anei23
Fracture of twelfth thoracic vertebra count
Cardiac pacemaker in situ
(disorder)
D-dimer 520 ugiL 780 A2 4n6/23
Decreased body weight Glaucoma
Yy weig| Erythrocyte
mean
Dizziness (finding) H/O: heart valve recipient corpuscular i 81-100 v anei
volume
Dyspnea Hypertensive disease determiistion!
Glycated
hemoglobin-Ac 6% 43-61 \4 4ne/23
Fever (finding) (substance)
emoglobin 175 ¥
Reduced Physical Performance temoglon! 28/ 14577 #6123
Leukocyte 12/mL 45-11 v 4116/23
° @ Analysis ()
Bl s Q Anernia
g se —— 4= Microcytic hypochromic anemia
a

—¢ Anemia ' Pro
— Hemoglobin

= Endocarditis
—

Dizziness (finding)

= Multiple myeloma (clinical)

Service Requests <4

= Chronic cold agglutinin dise.

= Adult onset Stil's disease

Report (%

Suggested diagnostics

Pro
Dizziness (finding)
Erythrocyte mean corpuscular volume determination
Mean corpuscular hemoglobin determination
Suggested diagnostics

Headache

Nausea (finding)

Figure 2: Anemia example: excerpt of diagnostic expert as part of the medicalvalues diagnostic intelligence.

Here, a wide set of input data enables our medical opera-
tional Al to assess various disease risk on a macro level.
These data is shown in a comprehensible way (if possible in
the format of zlog values [24]) in relation to the correct
reference ranges (if applicable) w.r.t. age, gender, ethnicity,
etc. Based on decreased readings of hemoglobin, erythro-
cyte mean corpuscular volume and mean corpuscular
hemoglobin content a diagnose of microcytic hypochromic
anaemia is shown as likely. The corresponding pros and
cons are shown in the user interface (cf. Figures 2 and 3).
The latter laboratory finding can be further broken down to
the correct diagnosis of suspected iron-deficiency anaemia
as shown by Figure 3. The confidence of the diagnosis is
shown by the colored progress bar, indicating the need for
further diagnosis w.r.t. iron-deficiency diagnosis, which is
supported by the list of suggested diagnostics (e.g. ferritin).
Often enough, diagnosing a patient is not as simple as
spotting the decreased level of hemoglobin in order to di-
agnose anaemia. Therefore, we apply macro-level Al to
support differential diagnosis and compare the pros and
cons of various diseases. This way, the respective physician
is able to weigh different potential diagnosis and come to an
informed conclusion. Figure 4 illustrates such an example
[cf. [25]], where polymyalgia rheumatica seems to be the
most likely diagnosis, while other potential diagnoses are
still left to be investigated. All these investigations are
suupported by a list of suggested further diagnostics.
Finally, a physician comes to a conclusion and de-
termines a diagnosis for a patient. Here, we support the
task of preparing a medical report by providing an Al-based

tool to automatically write a non-binding text proposal.
The respective physician is then able to check that report
proposal, (optionally) adapt it, and use it for the final
judgement. Figure 5 illustrates such a case with an exem-
plary diabetes patient.

Besides the Diagnostic Expert App shown previously,
various other medicalvalues applications offer different
perspectives and analysis results based on macro level Al
like a chat-bot assisting in (among other features) differ-
ential diagnosis or cause investigations of diseases and
conditions. In contrast, Micro level Al as described earlier
offers medical assistance focussed on distinct medical sce-
narios. As such specific applications for different medical
domains are required. In any case, the medicalvalues
Diagnostic Data Studio based on the Jupyter Notebook
(cf. https://jupyter.org/) technology enables medical prac-
titioners and medical AI researchers to access custom Al
models (written in R or Python) and easily apply them to
their patient data via medicalvalues’ libraries and software
(cf. Figure 6). More, micro-level Al application are yet to come.

Finally, our meta level Al enable medical experts to
uncover hidden scientific links among medical concepts and
early-alert about new scientific progress in the medical
research domain.

Discussion

Since meta- and micro-level Al is currently still in earlier
development at medicalvalues, we focus on discussing our
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—¢ Microcytic hypochromic anemia _ Tron deficiency anemia

Pro Pro
Dizziness (finding) Positive Dizziness (finding) Positive
Erythrocyte mean corpuscular volume determination Low Erythrocyte mean corpuscular volume determination Low
Mean corpuscular hemoglobin determination Low Mean corpuscular hemoglobin determination Low
Suggested diagnostics Suggested diagnostics
Headache symptom Ferritin laboratory
Nausea (finding) symptom Transferrin receptor.soluble/log Ferritin index [Mass Ratio] in Seru... laboratory
Decreased food appetite symptom Transferrin receptor, soluble (substance) laboratory
palpitations symptom Intravascular hemolysis symptom
Tinnitus symptom Menometrorrhagia symptom
Poikilocytosis [Presence] in Blood by Automated count laboratory Menorrhagia (finding) symptom
Leptocytosis (finding) laboratory Bariatric operative procedure (procedure) symptom
Anisocytosis laboratory Dependance on renal dialysis symptom
Anemia history H/O: surgery symptom
Blood zinc protoporphyrin level (procedure) laboratory
Red cell distribution width determination laboratory
Celiac disease (disorder) history
Intestinal malabsorption history
Inflammatory bowel disease history
Lower gastrointestinal hemorrhage history
Gastric hemorrhage history

Figure 3: Detailed explainable diagnosis of iron-deficiency anaemia.
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_ rate, 55 mm/h <30 Yo anoz3
Cervicodynia Westergren
Chronic back pain
Fmotional stress
@ Analysis (&)
X X
° Search Q | Polymyalgia rheumatica Undifferentiated spondylitis (disorder)
£
g -« Polymyalgia rheumatica I pro RIS
8 1 rate, gren High Backache Positive
o
i f ) Undifferentiated spondylitl’.. C-reactive protein measurement. High Pain exacerbation under stress Positive
o —
P 4= Ankylosing spondylits Night awakening due to pain Positive Pain exacerbation at night Positive
g =
§- Night pain Positive Sedimentation rate, Westergren High
[ Acute poliomyelitis (disorder)
g Paresis Positive C-reactive protein measurement High
=
& 4= Secondary malignant neopla... Myalgia Positive Suggested diagnostics
(7] Feels off-colour Positive Kyphosis imaging
= = Hypothyroidism ok -
s Pelvic girdle pain (disorder) Positive Block vortex formation imaging
5
&

Figure 4: Differential diagnosis example: excerpt of diagnostic expert as part of the medicalvalues diagnostic intelligence.
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5 medicalvalues D abetes Example (male, 35y )

9 Analysis (G} Diagnostic report .
+]
= Suspected Diagnose on
P S = :
Search Q| Insulin dependent diabetes mellt... Insulin dependent diabetes mellitus A 35-year-old male patient is presenting with synovitis, elevated anti-nuclear antibody levels, stiffness,
a elevated C-reactive protein measurement, highly degraded f ), elevated g
= Anemia Pro rate, pain on joint movement, myalgia, highly elevated ferritin, joint swelling, soft tissue swelling, grip
o Nocturnal only enuresis  Positive strength, morning stiffness, platelet in the normal range, metatarsophalangeal joint pain, effusion of joint,
normal MCV and MCH in the normal range, joint pain, wrist joint pain, erosion of joint surface due to
_¢ Insulin dependent diabetes ... : > o :
« Increased food appetite  Positive Symptoms (27) rheumatoid arthritis, limitation of joint motion, normal rheumatoid factor measurement, normal cyclic
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citrullinated peptide Ab [Units/volume] in serum, recurrent subluxation of metacarpophalangeal joint,
Nocturia Positive
= Multiple myeloma (clinical) Pre-existing Conditions (1) arthraigia of metacarpophalangeal joint, iredness, normal leukocytes [#/volume in synovial fluid by
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4= Hyperthyroidism Laboratory Examinations (26) interstitial edema, proximal interphalangeal joint of finger pain, normal plasma fasting glucose level, no urine
= Reduction in physical pe... Positive dipstick for protein, visual impairment, no urobilinogenuria, no urine dipstick for nitrite, no blood glucose
Imaging (2) level, no urine dipstick for leucocyte esterase, no urinary cast, erythrocyte, no urine dipstick for pH, lethargy,
4z Multiple sclerosis Exhaustion Positive = exhaustion, no ketones [Mass/volume] in urine, highly elevated glycated hemoglobin-A1c (substance), no
Suggested diagnostics glucose tolerance test, no ethnic group (ethnic group), leistungsminderung, increased food appetite, nocturia,
) _ Endocarditis Suspected Insulin dependent ... (6) nocturnal only enuresis, normal red blood cell count, and elevated cholesterol
= = Ketoacidotic coma in type...history
-1 Suggestions Insulin depend... (20
3 4= Hashimoto thyroiditis C peptide laboratory o P ) nterpretation
2 =
2 — laboratory The patient's known clinical factors (24.04.1988) suggest that they may have Insulin Dependent Diabetes
IS = Riskof cardiovasculor disease Mellitus (IDDM). In particular, the reported symptoms of Nocturnal Enuresis, Increased Appetite, Nocturia,
7 i Plasma fasting glucos... laboratory Decreased Body Weight, Performance Reduction, and Exhaustion are indicative of this diagnosis.
z 4z Sicca syndrome Glucose tolerance test laboratory
g
g
g X . Glycated hemoglobin-... laboratory
& = Subclinical hyperthyroidism ... —
w = uggestior
£ Glucose laboratory
= Y In order to confirm the diagnosis, further investigations are recommended to assess the presence of
5 s
Bl B=] Crvthema infectiosum Ketoacidosis in diabetes ... history ketoacidotic coma in type I diabetes mellitus, ketoacidosis in diabetes mellitus, juvenile cataract, Addison's
disease, atrophic gastritis, and Hashi tis. Additi physical i should evaluate for
= Cerebral hyponatremia Polydipsie symptom
3 Hypovolemia (finding)  symptom
&

Figure 5: Automatic report generation example: excerpt of diagnostic expert as part of the medicalvalues diagnostic intelligence.
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Basic Data Retrieval Example

Disease: Diabetes

In [1]: from jellyfish.graph import get_disease_by_query
from jellyfish.patient import get_full_patient_encounters, get_patient_ids_per_disease
from jellyfish.reasoning import get_reasoning

Disease Data

In [2]: diseases_df = get_disease_by_query("Diabetes™)

In [3]: diseases_df.head()

Out[3]: id description icd10  snomed
0 e6331c35-833b-4743-a420-ed1508d88dd9  Renaler Diabetes insipidus N25.1 None
1 cfd719da-75b7-4388-b424-6e695c3bee2f Diabetes mellitus E14.9 73211009
2  465b60d5-de9e-418f-a309-96¢cfc96a218c Zentraler Diabetes insipidus E23.2 15771004
3 707fe52c-5da2-4496-8ad5-ce66e98f1f6a Diabetes mellitus Typ 1 E10.9 46635009
4 70c1c25e-4b3b-47d8-9399-bb077e81377f Diabetes mellitus Typ 2 E11.9 44054006

Figure 6: Screenshot of diagnostic data studio.
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macro-level Al systems in this section. Yu et al. [26] provide
an extensive review of Al in the healthcare domain. They
investigate various upcoming technologies in the field of
Al and (possible) medical applications. Although they
briefly mention the common issue of black-box Al systems
and the subsequent lack of explainability, their coverage of
this particular topic remains shallow. In contrast, Tjoa and
Guan [2] study this issue in detail and emphasize the
pressing nature of that problem by a list of pithy questions:
— Who is accountable if things go wrong?

— Can we explain why things go wrong?

— If things are working well, do we know why and how to

leverage them further?

We regard medical decision support systems like
INTERNIST-1, INTERNIST-2, and their successor CADUCEUS
[27, 28] as early, prominent examples of macro-level Al
systems. These systems encompass hundreds of diseases
and thus guide clinical diagnostics. Unfortunately, the lack
of recent studies indicate a stop to their development and
missing public data on their medical database or code in-
hibits further comparison to our systems.

Inrecent years, the following two companies also came
up with offerings in the field of medical decision support.
Infermedica (cf. https://infermedica.com/) offers software
supporting physicians’ diagnostic processes. Their basic
concept aligns with that of medicalvalues — modeling
medical correlations to create predictive systems. A key
difference is the scope of data points implemented to their
solution. Infermedica is only capable of integrating some
data points and lacks support for more complex laboratory
data. They are taking a less comprehensive approach than
medicalvalues: focusing more on basic medical evaluations
and purposing their systems for routine diagnostics. Smart
Blood Analytics (cf. https://www.smartbloodanalytics.com/)
offers diagnostic prediction models based on AL. While they
are developing Al-based medical intelligence similar to
medicalvalues, macro-level Al is not part of their portfolio.
There is no interface or service offer for physicians, and
therefore no system for recommending further diagnostic
approaches.

Recently, Abu-Salih [29] studied domain-specific
knowledge graphs in their survey and elucidate a broad
adoption of knowledge graphs in the healthcare domain.
Here, we extend our discussion of subsequent medical
applications of knowledge graphs from an earlier publi-
cation [3].

Similar approaches to our medical knowledge graph
are discussed in [30-33], where knowledge graphs of
symptoms and diseases are constructed from Electronic
Medical Records (EMR), medical literature, and further
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sources by means of relation extraction. However, while
those approaches build a graph of medical concepts, the
medicalvalues knowledge graph uses more complex diag-
nostic pathways and rules [3]. In recent years, some
approaches have been proposed covering particular, con-
stituent fields of medicine [34] or diseases [35]. In contrast,
we regard the broader and larger coverage of a variety of
diseases as a distinguishing factor of the medicalvalues
knowledge graph.

In conclusion, we proposed a multi-level system for so-
called medical operational AI and discussed the current
implementation at medicalvalues GmbH. While this system
is three-fold encompassing meta-, micro- and macro-level,
we focussed our discussion of practical results on the latter,
the macro-level. There, we have shown exemplary results
of integrated medical diagnostics and elucidated how Al
aids in supporting the respective physicians during their
decision making process. Finally, we discussed these
results and highlighted the current state-of-the-art.
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