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Abstract
With development in the area of electronics and artificial intelligence (AI), medical devices (MD) have been sophisticated as well.
MD management strategies today are very different than decades ago, so it is reasonable to consider how we can prepare for
where we are going in the future. This paper presents the result of application of machine learning (ML) techniques in manage-
ment of infant incubators in healthcare institutions. A total of 140 samples was used for development of Expert system based on
ML classifiers. These samples were collected during 2015–2017 period, as part of yearly inspections of incubators in healthcare
institutions by ISO 17020 accredited laboratory. Dataset division 80–20 was used for classifiers development and validation.
Performance of the following machine learning algorithms was investigated: Naïve Bayes (NB), Decision Tree (DT), Random
Forest (RF), k-Nearest Neighbour (kNN), and Support Vector Machine (SVM). Resulting classifiers were compared by perfor-
mance and classifier based on Decision Tree algorithm yielded highest accuracy (98.5%) among other tested systems. Obtained
results suggest that by introducing ML algorithms in MD management strategies benefit healthcare institution firstly in terms of
increase of safety and quality of patient diagnosis and treatments, but also in cost optimization and resource management.
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1 Introduction

It has been stated multiple times that we live in modern age,
where technology has great impact on our lives. We perform a
lot of tasks using technology, so we communicate much
quicker, plan, organise, pay bills, control appliances at home
and all by using one application.

Health has always been, is and will always be the most
important thing that for sure should be taken care of. Even
with all technological development of modern society, there
are still a lot of challenges in maintaining health of population
worldwide, such as obesity, cardiovascular diseases and respi-
ratory diseases. On the other hand, major improvements have
happened so nowadays major pandemics do not cause such a
high mortality rate as they did before.

Development of medical devices (MD) have dramatically
changed the way medical care is provided to patients. Even
thought, healthcare institutions have roots in ancient time, it
was only recently that medical treatments have become more
effective so that human life expectancy increased. In compar-
ison, average life expectancy at birth of the global population
in 2016 was 72.0 years and in 1841 it was around 55 years. [1,
2] Since 1900 the global average life expectancy has more
than doubled, what was caused by development of various
MDs. These devices have enabled development of clinical
practices because they enabled measurement of parameters
that couldn’t be touched or seen manually, such as brain ac-
tivity, bone structure and fractions, blood infections, and other
vital parameters, but also they enabled control of parameters
such as respiration, pressure, oxygen level and temperature.

MDs are electronic devices that have a huge impact on the
general public. They are used daily in medical practice and
medical professionals rely upon their measurements when
evaluating the physical state of the patient. Therefore, mea-
surements are crucial for applications in healthcare, and know-
ing that measurement errors have critical effect on the final
outcome it becomes clear that it is not addressed as often as it
should.
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In time when, healthcare and medical technology is nowa-
days at one more historical shift and slowly moving toward
personalized care, preventive care and home-healthcare med-
ical devices are increasing in the complexity since it is re-
quired to support various activities. Also, with increased num-
ber of private healthcare institutions, market competitiveness
has also become an important issue. The only thing that never
changes, though, is the fact that every action in healthcare,
every development in MDs, is aimed in ensuring safety and
quality of care to patients, whether it is about prevention of
diseases or treatment.

Statistics show that annual MD maintenance and man-
agement cost in healthcare institution is approximately 1%
of the total budget [3]. Healthcare institutions, unfortunate-
ly tend to cut these costs so as a consequence usage of MDs
results in higher rate of incidents with serious injuries or
deaths of patients. Also, they state that numerous optimiza-
tion models for MD maintenance have been developed, but
healthcare institutions still do not benefit from these
methods as other industries do. Still, healthcare institutions
are burdened by unnecessary and excessive preventive
maintenances of questionable quality [4]. In such environ-
ment, where healthcare institutions are struggling to keep
the balance between cost benefit and safety, it is obvious
that traditional approach in healthcare management is be-
coming inadequate to answer to the rising needs. This prob-
lem has been recognized in Bosnia and Herzegovina as well
[5], and solved by introducing legal metrology framework
based on evidence-based inspections of safety and perfor-
mance of different groups of medical devices [6, 7].

According to this framework, the MD management is de-
fined through independent safety and performance inspections
for 11 different MDs with measuring functions. Inspections
are periodical (1 year) and conducted by ISO 17020 accredited
inspection laboratory [6–8]. All safety and performance mea-
surements and device information, such as serial number,
type, manufacturer and location are stored in developed data-
base [9, 10] forming big data structures that can be further

analysed extracting useful information about device status
and future behaviour, hence turning them from big data to
smart data structures.

So, having this database and following the practice of us-
age variety of machine learning (ML) techniques, for the de-
velopment of predictive models in biomedicine [11, 12] and
for MD management [13, 14] authors of this paper have de-
cided to conduct the research of developing classifiers (Expert
systems) based on ML techniques and use them for MD man-
agement optimisation in healthcare institutions. The aim of
this study is to investigate how measured data from individual
MD can be used to predict it’s performance and future failures
in order to optimize current management strategies in
healthcare institutions. As a case study, real data of infant
incubator inspections were used during this research, to com-
pare the results obtained by Spahic et al. [15].

2 Materials and methods

Expert system developed in this research consists of three
layers, input layer, classifier and output layer, Fig. 1. Input
layer consists of 30 inputs and 1 output parameter. System
inputs are device information and measurements of safety-
performance parameters. System inputs are defined according
to ISO/IEC 60601 international standard for MDs [15] and
established rules within inspection framework for MDs [4].
System output is a class with two possible values: (1) device
requires maintenance and (2) device performance is safe for
usage until the next inspection.

For development of classifier, five different ML algorithms
were used: (1) Naïve Bayes (NB), (2) Decision Tree (DT), (3)
Random Forest (RF), (4) k-Nearest Neighbour (k-NN), and
(5) Support Vector Machine (SVM) [16–20]. The reason for
choosing these algorithms is because they are representatives
of filter method, stochastic general search method and wrap-
per method.

Fig. 1 Block diagram of the
expert system for prediction of
device performance status based
on ML classifier

Health Technol. (2020) 10:151–155152



The dataset for development of the classifiers consisted of
140 samples. These are real data acquired during 2015–2017
period, as part of yearly inspections of incubators in 7
healthcare institutions (2 clinical centres and 5 hospitals) by
ISO 17020 accredited laboratory.

Each sample consists of seven groups of features
(overall 30 attributes) that are organized in the follow-
ing manner: (1) device age, (2) device manufacturer, (3)
device type, (4) preventive/corrective maintenance histo-
ry, (5) safety inspection measurement results (mains
voltage, protective earth resistance, insulation resis-
tance, earth leakage current, enclosure leakage current,
patient applied parts leakage current), (6) performance
inspection measurement results (temperature, relative
humidity and sound measurements in 6 measuring
points), and (7) inspection decision (Class 1 or 2).

For system development 80% samples were used, and for
performance validation 20% samples were used. The distribu-
tion into training and validation class was random following
previous practice [11–14] and is represented in Table 1. In
total dataset, 101 samples depicted satisfactory MD perfor-
mance and 39 were depicting MDs with failure that required
maintenance.

The safety parameters according to ISO/IEC 60601 [15]
were measured with Fluke Biomedical ESA 620 etalon [16],
while performance parameters (temperature at given point)
was measured using Fluke Biomedical INCU I etalon [17].
Both etalons were calibrated according to the ISO 17025 [18].
Step-by-step procedure for infant incubator inspection accord-
ing to mentioned framework [6–8] is explained in the paper by
Gurbeta et al. [3].

Overall, system performance was evaluated by:

Accuracy ¼ TP þ TN
TP þ FP þ TN þ FN

ð1Þ

Where: TN (true negative), TP (true positive), FN (false
negative), FP (false positive) - representing the number of
correctly/incorrectly classified instances belonging to output
negative/positive group of instances.

3 Results and discussion

The results of development of expert system for infant incu-
bator performance and possible failure prediction is presented
in Table 2. As it can be seen from the Table 1, all classifiers,
except the one based on k-NN algorithm yielded better train-
ing results than validation. However, the validation perfor-
mance of the developed classifiers was within 1% of training
performance.

The results presented in Table 2. suggest that ES based on
DT classifier has the highest accuracy of 98.5%.
Computational time needed for generation of these classifiers
was measured in mili-seconds (ms). Since it is relativelty
small dataset involve in the research, there wasn’t significant
difference in computational time needed for generation of
these classifiers. However, significant acceleration is observed
when compared to generation of neural networks and fuzzy
classifiers as discussed in work by Spahic [15].

Compared to the results obtained in [19] it can be conclud-
ed that performance is acceptable but the classifier needs im-
provement in terms of balancing training dataset with more
samples of failure status. Also, this study differs than the pre-
vious study [19] by the input information fed into the system.
Previous study included fuzzy analysis of the parameters such
as number of additional parts/parts that are most susceptible to
damage and utilization coefficient. These values were esti-
mates and are removed from the dataset, therefore this devel-
oped expert system is based only on objective and measured
data, available at any point from the individual medical
device.

Individual validation performance of each classifier is pre-
sented by the confusion matrix in Table 3.

Overlooking the successful application of machine learn-
ing techniques in other fields it is logic to raise the question
and research the possibilities of implementing them inmedical
device management. Machine learning techniques are not
strange in healthcare, since they have been successfully used
for prediction of various diseases and conditions [21–23].

So this study confirmed that expert systems based on ma-
chine learning algorithms yielded high prediction accuracy
rates as in other fields where used. This approach is novel

Table 1 Dataset distribution per classes

Dataset output class Number of samples

Development Validation

(1) MD requires maintenance
Fail

31
(22.1%)

8
(5.7%)

(2) MD performance is safe for usage
until the next inspection

Pass

81
(57.9%)

20
(14.3%)

Total (140 samples) 112
(80%)

28
(20%)

Table 2 System training and validation performance

Classifier Accuracy (%)

Training Validation

Naïve Bayes (NB) 89.8% 89.5%

Decision Tree (DT) 99.5% 98.5%

Random Forest (RF) 98.8% 94.0%

k-Nearest Neighbour (k-NN) 89.2% 89.6%

Support Vector Machine (SVM) 90.5% 91.0%
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and currently investigated under post-market surveillance and
medical device inspection activities in healthcare institutions
in Bosnia and Herzegovina. It is in line with statements that
predictive analysis is one of the three main areas in which
healthcare will benefit from artificial intelligence. [24, 25,
26, 27] This is a step up from the conventional medical device
management tools based on software solutions.

4 Conclusion

This paper presents expert system based on machine learning
algorithms for performance prediction of infant incubators.
For system development 5 different machine learning algo-
rithms were used. Out of all tested expert system, the one with
Decision tree algorithm yielded highest accuracy of 99.2%.
This is similar to results obtained in research of Spahic et al.
[15], but using less computational resources.

This study proves that such expert systems combined with
real-time updated database of medical devices safety and per-
formance parameters, can be powerful tool of post-market
surveillance by National Notified Bodies as instructed by
new EU Medical Device Regulation. Such systems are easily
scalable to other types ofmedical devices and can optimize the
costs of medical device maintenance in healthcare institutions.
Also, since safety parameters are similar for variety of medical
devices next research aim of the authors is to build integrated
expert system that will be able to perform in real-time clinical
settings during periodical inspections of medical devices.

Expert system is already being developed to the level of
high fidelity minimal viable product (MVP) based on existing
dynamic database which contains and is continuously filled
with newly measured MD output parameters. Method for
collecting data from MD brings new operational capability
to traditional approach, and offers critical information for
maintaining MD functionality. The proposed approach can
be used to addres the post-market surveillance issues defined
by new MD Regulations that were published in April 2017
and will become obligatory for all EU member states until
May 2020. For this purpose, developed system can be trans-
ferred to the hardware components such as FPGA or linked
with other IoT devices that would make it accessible on sight
during periodical inspections on sight. Implementing an

expert system in hardware enables better feasibility of the
system and its application in real-time. Such approach would
make system portable for easier on-sight performance predic-
tions on a single device located in healthcare institution.
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