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DEVELOPING AN ARTIFICIAL INTELLIGENCE-BASED SYSTEM FOR
MEDICAL PREDICTION
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Diagnostic accuracy remains one of the central problems of medical care. In this work we attempt to apply artificial intelligence
to solve this challenge. We propose an approach to medical prediction based on the intelligent analysis of patients’ data from
200 different laboratory tests. The initial sample included 7, 918 cases falling into 4 nosological categories: D50 (iron deficiency
anemia), E11 (non-insulin-dependent diabetes mellitus), E74 (other disorders of carbohydrate metabolism), and E78 (disorders
of lipoprotein metabolism and other lipidemias), and was further divided into the training and testing datasets. Using gradient
boosting, we constructed a machine learning model. The model demonstrated a recognition rate of 89 % (AUC-ROC) and a
mean certainty in the diagnosis of 92 %. Our study proves feasibility of using machine learning in the analysis of this type of
medical data. We are currently implementing a web-service for medical prediction as part of our Healthcare platform aiming at
automation of clinical practice.
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PASPABOTKA CUCTEMbI MPOMrMHO3NPOBAHNA OANATHO30B
3ABOJIEBAHU HA OCHOBE UCKYCCTBEHHOIO MHTEJIJIEKTA

M. B. Caxvbrapeesa =, A. KO. 3a03epckui
000 «KOMTEK», Yepa

B cTaTtbe npeacTaBneHsl pesynsraTbl UCCNEeAoBaHNSA MO MPUMEHEHNIO TEXHOMOMIN UCKYCCTBEHHOMO MHTENEKTa 15 PeLLeHNst
OOHOW 13 OCHOBHbIX MPOBGEM 30PAaBOOXPAHEHNST — MOBbILLIEHNS Ka4eCcTBa ANarHoOCTUKK 3abonesaHnii. [NpeanoxeH noaxom,
K MPOrHO3NPOBAHNIO HO30MOMMHYECKUX OUArHO30B MyTEM WHTENIEKTYaIbHOrO aHanm3a COBOKYMHOCTU pe3ynstaTtoB 1abo-
paTopHbIX nccnenoBanHuin (200 TECTOB), MPOBOAMMBIX MO KaXKAOMY Clly4qaro 3aboneBaHus nauveHToB. B obLlyto BbIOOPKY,
pasneneHHyo BMOoCIEaCTBUN Ha 0ByHaroLLLYytO 1 TECTOBYHO, BKIKOYMAN AaHHble O 7 918 cnydasax 3abonesaHui no 4 HO30/10-
rnam: D50 (xenesogeduumtHaa aHemust), E11 (MHCynMHHE3aBUCUMBIN caxapHbin anabeT), E74 (apyrve Hapylerrs obMeHa
yrneBonos), E78 (HapyLueHns obMeHa NMNonpoTeENaOB 1 Apyrie nunnaeMin). MeTogoM rpaaneHTHOro ByCT1Hra Ans HYX Obina
MOCTPOEHa MOZeNb MALLUMHHOMO 0By4eHWs. TOYHOCTb pacno3HaBaHNs MOAESBIO BbIOPaHHbIX AMAarHO30B CocTaBuna tonee
89 % (ROC AUC) npu cpeaHen yBepeHHOCTM MOAEN B KaKOOM MPOrHO31pyeMoM avarHo3e B 92 %. liccnenoBaHve nokasano
MPUHLMMNANBHYHO BO3MOXKHOCTb MPUMEHEHMS METOA0B MALLMHHOMO 0BYYeHVa 018 aHanmM3a AaHHbIX Takoro poda. Cuctema
NPOrHO3MPOBaHNSA OMarHO30B 3ab0/1EBaHU BHEAPSIETCS B BUOE BEG-CepBMca B MPOrpaMMHbIN KOMMIEKC «3apaBooXpaHe-
HWe», NpeaHasHa4YeHHbI ANg aBToMaTU3aL PaboTbl MEANLIMHCKMX YHREXOEHWIA.
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Development of information technologies aimed to facilitate the  medical centers allowed us to build a vast database of medical

efficient delivery of medical care is one of the priority goals set
for the Russian healthcare system. Increasing effort is being
made to improve the quality of healthcare through the use of
information systems, expedite transition from paper files to
electronic medical records and employ data mining for the
analysis of huge arrays of medical data [1, 2].

Collection of medical data still presents a problem, as
noted in a number of works [3, 4], which seriously impedes
their digitalization necessary for machine learning and delays
development of analytical software. Our close collaboration with
the Siberian Center for Information Protection and deployment
of the original Zdravookhranenie software in a few regional

records and obtain authorization to process these data. It was
a perfect opportunity to perform data mining using machine
learning techniques.

The use of diagnostic information systems in clinical
practice can be very beneficial for patients. High workload or
the lack of expertise affects clinical decisions doctors make.
Besides, a taking into account of a set of information about the
patient is a basis for accurate diagnosis, prediction of disease
progression and treatment planning; without it clinical decisions
are mere approximations [5].

According to A. Chuchalin’s report presented at the
Second National Congress of GPs, every third case in Russia is
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misdiagnosed [6]. Likewise, we have discovered a considerable
number of diagnostic errors while analyzing the records of a
few healthcare facilities that use our software. In the course
of our analysis, we calculated the discrepancies between the
definitive and preliminary diagnoses. Results are presented
in Table 1 which features distribution of erroneous diagnoses
across different departments of healthcare facilities and Table
2 showing the percentage of erroneous diagnoses in different
nosological categories. Names of the healthcare facilities are
not provided in this article for ethical reasons.

Not only patients becomes victims of wrong preliminary
diagnoses and get useless treatments but also medical clinics
incur considerable expenses: the Fund of Compulsory Health
Insurance only subsidizes treatments based on a definitive
diagnosis.

In view of this, we decided that prediction of nosological
diagnosis should be a priority task in the development of an
artificial intelligence-based system. The aim of this work was
to test the feasibility of medical data mining using machine
learning, to assess prediction accuracy that makes a machine
learning model useful, and to enhance our Zdravookhranenie
platform.

METHODS
Initial dataset

Medical decisions can be based on a medical history, physical
examinations, and results of laboratory or complex functional
tests. Lab tests provide the most objective information about
patient’s condition and are often used when other methods
have failed to identify or confirm a pathology. These tests are
especially useful in patients with anemia, lipidemia, hepatitis,
seropositive rheumatoid arthritis, etc.

The source dataset consisted of disease cases with
established definitive diagnoses. The feature space included
patients’ sex and age and the results of laboratory tests
obtained from the data of prophylactic medical examination.
The data were collected using our Zdravookhranenie software
solution [7]. We chose 4 nosologies for the analysis, including
D50, E11, E74, and E78, that can be suspected and diagnosed
based on laboratory tests. The initial dataset was as follows:

« iron deficiency anemia (D50) — 778 cases (10 %);

» non-insulin-dependent diabetes mellitus (E11) — 1,392
cases (17 %);

« other disorders of carbohydrate metabolism (E74) — 163
cases (2 %);
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« disorders of lipoprotein metabolism and other lipidemias
(E78) — 5,585 cases (71 %).

In total, the dataset included 7,918 cases with results of 200
laboratory tests (blood and urine tests, cytologic examinations,
etc.) that occurred during the period from 2005 to 2017 with
patients aged 18 to 99 years, of whom 71 % of were females
and 29 % were males. In some cases, the results of laboratory

tests were recorded as “normal”, “below the norm” and “above
the norm”.

Choosing a method of machine learning and performance
metrics

Prediction of diagnosis based on the results of laboratory tests
is @ multiclass classification problem.

The data were analyzed using Scikit-learn [8], a Python-
based open-source library for machine learning. We carried
out a few preliminary tests involving such methods of machine
learning as neuronal networks, decision trees, and gradient
boosting. The last one showed the best results for our problem.
It is a technique in which an ensemble of predictors is built
sequentially, with every subsequent algorithm compensating
for the mistakes of a previous predictor [9]. Gradient boosting
over decision trees is believed to be the most effective universal
method of machine learning. Decision trees also perform very
well in classification tasks.

Considering the specifics of the problem and the fact that
the initial dataset was imbalanced, we selected performance
metrics with special care. The metrics will be described below
in terms of a confusion matrix [9-10] with respect to multiclass
classification using the one-against-all approach. This approach
is based on reducing multidimensional classifications to a set
of binary tasks in which a picked class is classified as 1, and
the rest classes are classified as O. For every picked class i the
following parameters are determined:

» TP (True Positive) — the number of true positive instances
correctly assigned to class /;

« TN (True Negative) — the number of true negatives
instances correctly not assigned to class / and therefore
assigned to class | # /;

* FP (False Positive) — the number of false positives
instances incorrectly assigned to class J;
* FN (False Negative) — the number of false negatives

instances incorrectly assigned to class j # i that should have
been assigned to class /.

Accuracy is the most intuitive performance metric showing
a fraction of correct responses; however, is not suitable for
imbalanced datasets.

Table 1. Percentage of wrong diagnoses in different units of several healthcare agencies based in Russia

Percentage of wrong diagnoses. %
Unit
Healthcare agency 1 Healthcare agency 2 Healthcare agency 3
Pulmonary 76.80 39.28 -
Anaesthetics and Intensive care 72.96 24.11 73.11
Cardiac care (>1) 57.88 23.00 46.43
Therapeutic 56.36 - -
Gastroenterology 66.38 11.29 -
Trauma 32.19 - 60.64
Neurology 55.04 14.97 -
Urology - - 67.72
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Table 2. Percentage of wrong diagnosis per nosological category in several Russia-based healthcare agencies

Nosology Percentage of wrong diagnoses,%
Disorders of lipoprotein metabolism and other lipidemias 92.73
Cholera 88.89
Disorders of sphingolipid metabolism and other lipid storage disorders 88.72
Immunodeficiency with predominantly antibody defects 83.33
Sequelae of other and unspecified infectious and parasitic diseases 80.00
Evidence of alcohol involvement determined by blood alcohol level 80.00
Juvenile arthritis in diseases classified elsewhere 75.00
Other bacterial diseases, not elsewhere classified 66.67
Car occupant injured in collision with pedal cycle 66.67
Lactose intolerance 60.00
Pericarditis in diseases classified elsewhere 60.00
Trichomoniasis 50.00
Other intestinal helminthiases, not elsewhere classified 50.00
Viral agents as the cause of diseases classified elsewhere 50.00
Malignant neoplasms of lip 50.00
Carcinoma in situ of cervix uteri 50.00
Deficiency of other nutrient elements 50.00
Other diseases of inner ear 50.00
Intestinal malabsorption 50.00
Hypertrichosis 50.00
Other disorders of kidney and ureter in diseases classified elsewhere 50.00
Pre-existing hypertension with pre-eclampsia 50.00
Epidermolysis bullosa 50.00
Unspecified jaundice 50.00
Anomaly of leukocytes, not elsewhere classified 50.00
Glycosuria 50.00
Other and unspecified abnormal findings in urine 50.00
Other disorders of carbohydrate metabolism 20.70
Iron deficiency anemia 13.90
Non-insulin-dependent diabetes mellitus 3.240

TP+ TN
TP+ TN + FP + FN

accuracy =

Therefore, other metrics are often used instead, including:

« precision — a fraction of true positives instances among
all predicted positives. In other words, it shows how many
positive predictions were really positive:

TP

precision =
TP + FP

« recall — a fraction of true negatives instances among all
true and false positives. It is also known as a true positive rate

(TPR):
™
TP+ FN

recall =

Recall is used to evaluate performance of a machine learning
model when there is a need to reduce the number of false
negatives (FN) and measure all positives [10]. This metric is
preferred for medical diagnostic tasks when it is important not

to miss a diagnosis. Although it is quite intuitive, it is not always
good for imbalanced datasets.

Another metric used in our study was ROC AUC
recommended in [10] for the evaluation of model performance
on imbalanced datasets. AUC stands for area under [ROC]
curve, ROC is receiver operating characteristic. This curve is
constructed by plotting the true positive rate (TPR) against the
false positive rate (FPR) and is a line connecting (0, 0) to (1,1):

P
TPR= ————
TP+ FN
FP
FPR =
FP+ TN

It is believed that the higher the ROC AUC value, the better
the performance of the classifier. ROC AUC of 0.5 means the
classifier makes random guesses. ROC AUC below 0.5 means
that the classifier does the opposite of what is expected of it:
if true positives were labeled as negatives, it would perform
better.

Considering the above said, we used ROC AUC as a
primary metric, but also accounted for recall.
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Table 3. Performance of the machine learning model designed for diagnostic prediction

Metric
. . Dimension of the test
Diagnosis set, number of cases
ROC AUC Recall Precision Accuracy ’
D50 (iron deficiency anemia) 0.98 0.66 0.83 0.95 44
E11 (non-insulin-dependent diabetes mellitus) 0.91 0.62 0.69 0.9 69
E74 (other disorders of carbohydrate metabolism) 0.89 0.21 0.6 0.97 14
E78 (disorders of lipoprotein metabolism and other lipidemias) 0.94 0.96 0.89 0.89 318
RESULTS CONCLUSIONS

The diagnoses and the results of laboratory tests were divided
into two sets: the training set (75 % of cases) and the test set
(25 % of cases). The model was built for 4 nosological categories
(D50, E11, E74, E78) using gradient boosting. For the test set
ROC AUC was above 89 % (Table 3). Mean certainty in correct
diagnoses included in a test sample was 92 %.

DISCUSSION

High ROC AUC values falling between 89 % and 98 % indicate
that our model is feasible for the prediction of the studied
diagnoses. Importantly, our dataset consisted of various data
types, including the results of 200 different laboratory tests
and such parameters as patients’ sex and age. Among other
strengths of the study is the use of enough large dataset
accumulated over the course of a few years. For example, in
[11] the analysis was carried out on the data collected over the
period of just 3 months in a Boston hospital. The authors of the
study attempted to predict ferritin blood levels. They also used
ROC AUC as quality metric which turned to be as high as 97%.
However, it should be noted that according to a number of
research works [12-14] a focus on nosological categories
may increase prediction accuracy. According to [15, 16],
performance can be enhanced through the use of different
methods for medical data preprocessing.
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