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Abstract—This study aims to apply Graph Machine
Learning, a subset of artificial intelligence, in labeling electronic
health records. The theoretical approach of the study stems from
the studies of Al, machine learning, health policy, and physical
medicine and rehabilitation.

The data of chronic low back pain patients (n=93) were
collected from electronic health records in form of a free text. The
comparative analysis between the AI and medical expert was
executed with the data of randomly selected patients (n=5).

The International Classification of Functioning, Disability,
and Health was used as a scientifical frame to identify the factors
affected by a patient’s medical status. A medical expert identified
the factors stated in the electronic health records. Data was
analyzed and labeled with the graph (semantic networks) based
machine learning engine, Headai Graphmind. Headai
Graphmind automatically converted the findings to a readable
map of factors, which are relevant concerning the timing of
rehabilitation.

Headai Graphmind found 56% of identical factors in relation
to the medical expert. In future studies, the analyses of mutuality
between Headai Graphmind, the health care professional and the

patient are crucial to set the right timing for rehabilitation.

I.  INTRODUCTION

It has become tremendously obvious that the authority of
artificial intelligence (AI) technologies will challenge the
digital world of healthcare in the future. Advocates of critical
scrutiny such as Bartlett [1] are taking a pioneering roles in
Armageddon. They are convinced that the technologies of Al,
big data, mobile and social media will even destroy democracy
in the world of technology companies that scale fast but do not
question anything. This raises a question in a global setting: is
embraced “big tech” a real threat to effective, equitable, and
personalized health service delivery [2]? Perhaps, but are we a
bigger threat to ourselves than tech if we are not able to ensure
that we control our machines, rather than the other way around
[3]?

Admittedly, this trend is daunting to healthcare, but both
Al data and evidence based current care guidelines are still in
many diseases general and indefinite in terms of personalized
medical decisions. Likewise, allegorically it makes sense to
argue according to Karl Polanyi’s [4] paradox: “me medical

expert know more than I can tell and document”. Specifically,
medical experts know how to treat patients tacitly but cannot
tell all of it to colleagues. Due to machine learning the
investigation of the paradox proceeds rapidly [5]. On the other
hand, AI and Machine Learning (ML) are umbrellas of
thousands of algorithms, methods, and setups, all performing
well in certain areas and poorly in other areas, thus making the
selection of AI/ML algorithm difficult. For example, Deep
Learning algorithms perform well in categorizing tasks when
the task is well defined and the training material is big enough.
Nevertheless, Deep Learning cannot perform well in cases
where the task is ill-defined and requires humankind of
reasoning to work with unknown factors. At present, as Panch
et al [2] put it, the algorithms that feature prominently in the
research literature are not very much, if at all, executable at the
frontlines of clinical practice. On the other hand,
Graph/Semantic Networks based Machine Learning seems to
perform well [6], [7].

In this study, the semantic network based machine learning
engine, Headai Graphmind (HGM), does, at its best, reasoning
to supply best guess answers where formal procedural rules are
unknown. The biggest difference between Headai Graphmind
and common Graph Machine Learning is in the fundamentals
of how Graph (detailed Semantic Network) is processed. HGM
adds, modifies, and reasons according to conceptual learning
theories [8] and Semantic Network is a storage structure for all
the leaned data. I.e. HGM’s Semantic Network include only
processed data with explanations, not just nodes and edges.
This is promising in a frame of patients with multiple
morbidities and where the steps needed to achieve
adequate health services are considered exceptionally highly
complex.

The fact is that physicians and other health care
professionals cannot be replaced with machines and robots as
fast as the “optimistic hypers of AI” promise. That does not
necessarily follow so far as machines can mainly be assistants
in heavy lifting and logistics. Currently, approximately
only 9 % of the worktime of an expert can be automated
compared with 78 % of worktime in predictable physical
work [9].
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But cynical arguments against Al in healthcare are not very
well articulated either. Conversely, according to the
opponents, the real benefit will be realized in a continuous
move in the managed health value chain from a labour-driven
and technology-enabled model to a digital-driven and human-
enabled one [10]. Most importantly, however, transforms
toward personalized medicine do not happen only with simple
decision support systems driven by Al and data. Likewise, in a
rehabilitation process, successful personalization presupposes
both right timing in the intervention and a specific profile
produced most effortlessly by Al Therefore, this paper
highlights the importance of timing in the rehabilitation
process in the frame of individual and societal, professional
needs for rehabilitation (see Fig. 1).

A. Research design

In Fig. 1 is described the research design of the study. At
the beginning of rehabilitation (T ') an individual’s need for
rehabilitation and its intensity is almost always higher than the
need for rehabilitation by health care professional/ societal
expertise (HP). Logically, human beings suffer first and
society, in this case, health care professionals with medical

HIGH =

HGM=

HP=

INTENSITY OF REHABILITATION NEED

1 Acute (under 6
weeks)

LOW T

2 Subacute (6-12
weeks)

experts start the treatment and rehabilitation much later along
the clinical pathway.

Nevertheless, even if an active approach toward
rehabilitation is taken at the beginning of the process, the
intensity is quite low and close to non-existent, if professionals
have adopted a “wait and see approach” [11](see Fig. 1, HP/
T"). This causes a dilemma in which individuals are not always
taken care of at the right time, at the right place, and the right
intensity. In some cases, time delay in rehabilitation leads to
individuals’  frustrations and other symptoms (e.g.
psychosocial). The dilemma manifests itself usually in the
phase of T “or later. In these cases, rehabilitation becomes
more ineffective if individuals are not motivated to self-
manage themselves anymore for many  reasons
(e.g. unemployment, isolation, depression, etc.) [12].

On this basis, it makes sense to believe that by applying
Headai Graphmind (HGM) at T " in a very profiled way, health
care professionals can obtain knowledge more quickly and
thus, begin the rehabilitation planning (T ? at the latest). This
multidisciplinary knowledge is based on theoretical and
scientific knowledge of machine learning, health policy, and
physical medicine and rehabilitation.

Individual need for rehabilitation
Headai Graphmind

Health care professional and societal need for rehabilitation

I’HP /HGM

3 Chronic (over 12

T weeks)

REHABILITATION TIME / CARE

Fig. 1. The research design of rehabilitation processes embedded in patient involvement (I), Headai Graphmind (HGM) and medical expertise (HP)
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B. Aims of the study

Low back pain (LBP) is the most burdensome medical
condition worldwide in terms of disability [13] and when
reaching the chronic stage (> 12 weeks), it comes with
enormous individual and societal burden, let alone economic
burden [14], [15]. There are numerous identified risk factors
for developing LBP chronicity [16], but their early detection is
often missed at the latest for the sake of inoperative clinical
pathways. The timely recognition and targeted rehabilitation
would help in the prevention of pain chronicity, but achieving
such a plan can be a difficult task even for experienced health
care professional. This study aims to apply a semantic network
based machine learning engine, Headai Graphmind, in
physical medicine and rehabilitation. The free text from
electronic health records (EHR) is automatically converted
into a readable map of factors, which are relevant to the timing
of rehabilitation. To our knowledge, this form of method has
not been used to date. The research questions are:

a) do the findings of a medical expert (ME) differ from
Headai Graphmind’s findings?

b) what is the potential impact of Headai Graphmind’s
findings on the timing of the rehabilitation process?

II. DATA AND METHODS

Overall, 1569 patient records were screened. Inclusion and
exclusion criteria were used to form an eligible patient sample.
The included patients were adults (18 to 65 years) suffering
from chronic LBP (duration over 12 weeks). Specific reasons
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for LBP, such as nerve root disorders, or fractures of the spine
were excluded. 93 patients fulfilled the criteria. These patients
were suffering from non-specific LBP, where a specific
biomechanical reason for the pain could not be identified. The
data was collected in form of a free text from EHR between
October 2019 and February 2021. The data was in the Finnish
language. A longitudinal dataset of five patients was used for
the result comparison (n=15 EHR notes) between medical
expert and Headai Graphmind. The data was retrieved under a
data transfer contract from Tampere University Hospital
(Finland), where patients had been visiting the unit of
Rehabilitation and Psychosocial support for their prolonged
back pain. At the data collection time, there were 10
physicians (specialists and residents of physical medicine and
rehabilitation) working in the unit, who were responsible for
producing the EHR notes.

The International Classification of Functioning, Disability
and Health (ICF) by World Health Organization (WHO) [17]
was used as a scientifical frame to identify the factors affected
by their medical status (Fig.2). A medical expert identified the
factors stated in the patient’s EHR produced by physicians.
The ME was one of the physicians working in the unit of data
retrieval, which minimized the misunderstanding of the data’s
medical content. The data was analyzed with HGM that
imitates human reading and processing of the texts. HGM
automatically converted the findings to a readable map of
factors, which are relevant concerning the timing of
rehabilitation.
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Fig. 2. The structure of International Classification of Functioning, Disability and Health (ICF). Different domains (e.g. body functions) are divided to three to four
levels, which represent the ontology of the coding. For example in body functions, chapter level: b2 sensory functions and pain, 2nd level: b280 sensation of pain,
3rd level: b2801 pain in body part, and 4th level: b28013 pain in back. Individual factors are not coded because of the wide variability among cultures. Adopted

from WHO Beginner’s guide
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The automated conversion of known LBP factors from
EHR to ICF codes was executed with the cognitive text
analyses, using natural language processing algorithms and
semantic networks based machine learning.

Overall, 12 different setups were tested within the
algorithm (Table I). The inputs included the ICF ontology,
Medical Subject Headings (MeSH, a hierarchical vocabulary
for life sciences), and medical experts’ view of the language
used by physicians in their texts.

The abilities of the algorithm to detect and convert the
known factors were tested on a longitudinal dataset of five
patients. A medical expert (ME) read the free texts of
physicians (n=15 EHR notes) several times and searched for
words, terms, and short sentences that could have a link to the
ICF codes. The codes and the free text in question were listed
as the reading went along so that the similar words and terms
would be coded iteratively. The results of Headai Graphmind’s
different setups were compared to the codes converted by the
ME. This comparative analysis was made by the same ME
who had done the conversion. The matching results, the false
conversions of the algorithm, and the results that were detected
by the algorithm but not by the medical expert were listed.

III. RESULTS

The dataset of each patient consisted of two to five notes in
their EHR (n=15), that were entered during their period of
treatment. The notes consist of referrals from primary health
care, occupational health care, or private sector (n=4), physical
appointments (n=6), contacts by phone call (n=4), or by letter
(n=1).

The semantic networks based machine learning engine,
HGM, and the ME found ICF domains (n=355) differently

from five patients’ EHRs (Table II). First, HGM and ME
found partially the same codes in all the domains. In category
1 from body functions and structures domains, HGM found
68% of the ME’s findings (20,3% of total findings), 76% from
environmental domains (4,6% of total findings), but in the
activity and participation domain the findings were in line in
only 20% of the codes (2,5% of total findings). HGM found
also codes that the ME did not. In category 3 there were 24
codes (6,8% of total findings) that HGM found better than the
ME; these are explained by human error and different (but
logical) interpretations of the text. For example, the ME coded
“walking on different surfaces” and HGM “moving around in
different locations”, which both suited to the context. In
addition, 61 code findings (17,2% of total findings) in all
domains were not to be interpreted as correct findings after
several appraisals of the data. Headai Graphmind missed 44%
(n=76, 21,4% of total findings) of the findings of the ME’s
(category 1), and vice versa, ME missed 20% (n=24, 6,8% of
total findings) of correct findings of HGM (category 3).

The most promising setups (Table 1) were “ICF title” and
“ICF real life fuzzy”, where the relation of the correct findings
to the false conversions was the highest. As far as the
information and medical scientist’s collaboration are
concerned, it seems, that ICF codes combined with medical
expert’s view on the medical language will lead to intriguing
results. The most important implication for Al scientists is that
interdisciplinary research cooperation with medical experts
should be encouraged. First, the prediction of risk scenarios in
complex services might become easier in the future. Second,
information scientists can innovate novel research designs with
a better terminological understanding of medical counterparts.
Finally, the research collaboration will lead to better
applications also in other health care services.

TABLE I. THE EXPLANATION OF DIFFERENT SETUPS. ICF= INTERNATIONAL CLASSIFICATION OF FUNCTIONING, DISABILITY AND HEALTH; MESH= MEDICAL

SUBJECT HEADINGS (A HIERARCHICAL VOCABULARY FOR LIFE SCIENCES)

Setup Setup name Explanation of the input/algorithm-ontology configuration
abbreviation
a ICF title The ontology of the ICF (title level)
b ICF title fuzzy The ontology of the ICF (title level) analyzed with fuzzy logic
c ICF description The ontology of the ICF (description level)
d ICF description fuzzy The ontology of the ICF (description level) analyzed with fuzzy logic
e ICF real life The ontology of the ICF was extended with the language used by physicians from ME point of view, e.g.
b1342 onset of sleep= to fall asleep
f ICF real life fuzzy The ontology of ICF was extended with the language used by physicians from ME point of view, and
analyzed with fuzzy logic
MESH-ICF The ontology of ICF (title level) was extended with MeSH vocabulary
MESH-ICF fuzzy The ontology of ICF (title level) was extended with MeSH vocabulary, and analyzed with fuzzy logic
i MESH-ICF description The ontology of ICF (description level) was extended with MeSH vocabulary
] MESH-ICF description fuzzy | The ontology of ICF (description level) was extended with MeSH vocabulary, and analyzed with fuzzy
logic
k MESH-ICF real life Setup e. was further extended with MeSH vocabulary
1 MESH-ICF real life fuzzy Setup e. was further extended with MeSH vocabulary, and analyzed with fuzzy logic
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TABLE II. HEADAT GRAPHMIND VS. THE MEDICAL EXPERT: THE COMPARISON OF THE CONVERSION FROM LOW BACK PAIN PATIENT’S ELECTRONIC HEALTH

RECORDS TO ICF DOMAINS. ¥BODY STRUCTURE AND BODY FUNCTION CODES COMBINED

FINDINGS OF HEADAI GRAPHMIND (HGM) AND THE MEDICAL EXPERT (ME)
ICF DOMAINS
(N=355) (1) Graphmind found the same as | (2) Graphmind found something (3) Graphmind found better Total
ME
ME HGM ME HGM ME HGM n (%)
n (%) n (%) n(%) n (%) n(%) n (%) °
Body structures and 106 (29.9) 72 (20.3) 34 (9.6) 10 (2.8) 222 (62.5)
functions”
Activity/ 46 (13.0) 9(2.5) N/A 14 (3.9) N/A 9(2.5) 78 (22.0)
participation
Environmental 21(5.9) 16 (4.5) 13 (3.7) 5(1.4) 55 (15.5)
factors
Total 173 (48.7) 97 (27.3) 61(17.2) 24 (6.8) 355 (100)

IV. DISCUSSION

This paper introduces the principles of applying Semantic
Network based Machine Learning engine Headai Graphmind
to the framework of functioning, disability, and health (ICF),
which can help our health care professionals in co-operation
with the individuals plan the rehabilitation processes needed in
a personalized healthcare fashion. In precise, the study
highlights the correct timing in rehabilitation in minimizing
the time of disability and waste of resources. The future key
should be in the combination of knowledge of individuals,
health care professionals, and advanced machine learning.

In Fig. 1. were described the potential shift from individual
() or health professional (HP) driven planning and
rehabilitation process to the more effective process constructed
by the semantic fields of the texts habituated into reciprocal
roles played by the individual, the health professional and
HGM (I/HP/HGM) [18]. The described results of data analysis
(Table II.) give arguments for the shift within the categories 2
and 3. The categories are highly promising for the inquiries of
a new ontology of ICF domains. At its worst, health
professionals only maintain, modify, and reconstruct the
reality of unquestionable ICF domains. However, the category
2 findings go in line with the fuzzy logic and are not
ontologically based on the ICF domains, therefore offering
health professionals new ways to approach LBP patients in
general. The findings of category 3 challenge the health
professionals as well. Fictionally, HGM can define better the
status of the patient following the ontology of ICF domains
and could easily ask a physician: “you didn’t change new
sunglasses to see the whole picture and specific needs of
individuals in the rehabilitation process, did you?” The
applications of supervised machine learning (e.g. Deep
Learning) in this case would have not produced the findings
described in categories 2 and 3. Therefore, HGM promises a
lot in a frame of risk analysis for preventive rehabilitation. In
addition, these findings may pave the way for new interesting
studies of fuzzy logic in risk analysis and scenarios,
particularly in information sciences.
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HGM reached identical conclusions in 56% of the ME’s
results. Different reasons for this can be that HGM was not yet
learned well, or data was too limited and not rich enough for a
more precise conversion. Further development of the most
functional setups should lead to higher accuracy of HGM in
relation to the medical experts and can even give discoveries
on the individual’s functioning and disability.

V. CONCLUSIONS

This paper underlines the importance to provide profiled
knowledge of patients with managed machine learning to
create a more effective rehabilitation process from the
beginning. The first research question concerned the difference
between a medical expert and the machine. Table II answered
the question simply with the existence of categories 2 and 3.
These categories remind readers of the classical learning
curves that are more often non-linear than linear. The second
research question was exploring the potentiality of HGM’s
effectiveness in the right timing of rehabilitation. Answering
this question comprehensively is not possible with this pilot
study. First, we must test HGM with a prospective and larger
data, and conduct a study with a reasonable follow-up time.
Second, the questions of timing and time need to be considered
carefully in this kind of analysis. In the work of health
professionals it is dynamic, and the issues of the right timing
in treatments prior in many cases the question of duration of
the treatments.

It seems promising that the Semantic Network based
Machine Learning engine Headai Graphmind is capable to do
conceptual reasoning in challenging domains. However, it
must be highlighted that Headai Graphmind’s performance
was at its best in two cases: with training data based on ICF
titles and with training data based on domain professional’s
short explanations of the ICF code written in professional
language. When applying MeSH vocabulary or too generic
definitions as training data, the results were not that good.
Furthermore, this is nothing unexpected. In fact, this is aligned
with earlier studies on semantic computing: the smaller the
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training data is, the more critical the quality of the data is, no
matter what the algorithm is. Finally, semantic computing
cannot solve ICF coding alone, but it can be exploited wisely
by experienced health care professionals.
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