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Purpose: We aim to present unsupervised machine learning-based analysis of clinical
features, bone mineral density (BMD) features, and medical care costs of Rotator cuff
tears (RCT).

Patients and Methods: Fifty-three patients with RCT were reviewed, the clinical features,
BMD features, and medical care costs were collected and analyzed by descriptive statistics.
Furtherly, unsupervised machine learning (UML) algorithm was used for dimensionality
reduction and cluster analysis of the RCT data.

Results: There were 26 males and 27 females. The patients were divided into four sub-
groups using the UML algorithm. There were significant differences among four subgroups
regarding trauma exposure, full-thickness supraspinatus tendon tears, infraspinatus tendon
tear, subscapularis tendon tear, BMD distribution, medial row anchors, lateral row anchors,
total medical care costs, and consumables costs. We observed the highest frequency of
trauma exposure, infraspinatus tendon tear, subscapularis tendon tear, osteoporosis, the
highest number of medial row anchors, lateral row anchors, total medical care costs, and
consumables costs in subgroup II.

Conclusion: The unsupervised machine learning-based analysis of RCT can provide clini-
cally meaningful classification, which shows good interpretability and contribute to a better
understanding of RCT. The significance of the results is limited due to the small number of
samples, a larger follow-up study is needed to confirm the encouraging results.

Keywords: unsupervised machine learning, clinical features, bone mineral density, medical

care costs, rotator cuff tears

Introduction

Rotator cuff tears (RCT) are a common cause of shoulder pain.' > The prevalence of
RCT is 34% in the general population and 54% in people over 60 years old.* There are
more than 4.5 million hospital visits for RCT in the United States each year.”

The demographic and professional features of RCT patients have been
investigated.® ' In a study conducted by Yamamoto et al, shoulder ultrasound in
683 patients was analyzed, they found that the incidence of RCT increased with age,
the risk factors for RCT included age, history of trauma, and the dominant arm.° In the
study conducted by Josserand et al, 254 patients with RCT were reviewed, they found
that 69% of patients had right-side RCT, 6.1% patients involved in non-manual work,
25.5% patients involved in manual labor, and 68.3% patients involved in heavy

manual labor.”
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Although remarkable achievements in RCT have been
obtained, some questions remain to be answered. Rotator
cuff tendon-bone healing is an essential component for
RCT therapy, however, few studies have investigated the
relationship between bone mineral density (BMD) and
RCT.” "' Meanwhile, there are few studies that involved
medical care costs of RCT.'*!? Furtherly, in the era of big
data, the requirements for efficient and intelligent proces-
sing of massive RCT data are continuously increasing.m"15

An approach for big data analysis is machine learning
(ML). ML is commonly divided into supervised machine
learning and unsupervised machine learning (UML).'®'®
In supervised machine learning algorithm, training data-
sets are labeled, and the algorithm learns from the labeled
dataset and predicts the unlabeled dataset.'® 2" In contrast,
the UML algorithm does not require a labeled dataset and
tries to work on its own to find information.'®*"*?
Currently, more and more studies focus on the application
of the UML algorithm in healthcare big data analysis.>> ¢

In this study, we aim to present conventional descrip-
tive analysis and novel unsupervised machine learning-
based analysis of clinical features, BMD features, and

medical care costs of RCT.

Materials and Methods

Participants

53 patients with RCT were reviewed. The inclusion criteria
were: (1) diagnosis was confirmed by arthroscopy; (2) first
surgery for RCT; (3) retrospective study. The exclusion
criteria were: (1) simultaneous bilateral shoulder surgery;
(2) revision surgery; (3) follow-up data missing. The study
was approved by the ethical committee of Tianjin Hospital of
Tianjin University and followed the Declaration of Helsinki,
the informed consent was obtained from all patients.

Data Collection

16 clinical features including gender, age, marriage,
trauma exposure were collected. 18 BMD features includ-
ing BMD values, T-score, and Z-score of the lumbar spine
were collected. 6 medical care costs indicators including
total medical care costs, consumables costs, and surgical
costs were collected for statistical analysis.

UML Algorithm

The UML algorithm was performed on preprocessed input
dataset employing principal component analysis (PCA).
The input dataset was defined as a collection of clinical

features, BMD features, and medical care costs indicators.
The PCA was performed to project the input dataset into
a two-dimensional data space. Then, the UML clustering
algorithm was applied to identify subgroups, in which the
K-means clustering algorithm was used and the best value
of k was determined automatically. First, we use the UML
algorithm which has been validated and extensively tested
in other diseases to convert the input dataset into

: 25,27,2
a compact representation space. 3.27.28

Statistical Analysis

The UML algorithms and the statistical analysis were
implemented in Python (Python Software Foundation).
Descriptive analysis was reported as mean + SD and
frequency. Comparisons among sub-groups were analyzed
by chi-square test or Fisher exact test for categorical vari-
ables, and ANOVA for continuous variables. A two-sided
P value < 0.05 was considered significant.

Results
Descriptive Analysis of RCT

There were 26 males and 27 females with a mean age of
55.5 + 8.6 years. The clinical features of RCT are shown in
Table 1 and Figure 1.

The mean BMD values of the lumbar spine were 1.01
+ 0.19 g/cm2, T-score was —0.59 + 1.69, and Z-score was
0.30 + 1.61. The T-score of the proximal femur was —0.59
+ 1.69 and the hip T-score was —0.41 + 0.96. There were
23 patients (43.40%) with osteopenia and 4 patients
(7.55%) with osteoporosis. The BMD features of RCT
were shown in —figure 3.

The total medical care costs were 58,612.60 + 9,823.01
yuan, the consumables costs were 38,557.87 + 9,253.44
yuan (52.69%), the surgical costs were 7,278.49 + 227.09
yuan (9.95%), the drug costs were 3,990.47 £+ 812.69 yuan
(5.45%), the costs of medical service were 2,330.49 +
386.74 yuan (3.19%), and other costs were 21,012.25 +
1,024.48 yuan (28.72%). The medical care costs of RCT
are shown in Figure 4.

Table | 5 Clinical Features of Patients

Clinical Features Value

Age (years) 5547 + 8.6
Duration of symptoms (months) 9.86 + 22.82
Medial row anchors 2.13 £ 081
Lateral row anchors 1.51 £ 0.54
Length of hospitalization (days) 7.13 £ 1.69
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Figure | |1 clinical features and | BMD feature of patients.

Abbreviations: CAD, coronary artery disease; DM, diabetes mellitus; FT-SSP, full-thickness supraspinatus tendon tears; ISP, infraspinatus tendon tear; SCP, subscapularis
tendon tear; EMG, electromyogram; BMD, bone mineral density; M, males; F females; L-S, left shoulder; R-S, right shoulder; Nor, normal; OPA, osteopenia; OPS,

osteoporosis.

Clustering results of UML Algorithm

The input dataset was divided into four subgroups via the
UML algorithm. As shown in Figure 5, there were 13
patients in subgroup I, 8 patients in subgroup II, 24
patients in subgroup III, and 8 patients in subgroup IV.

Comparisons Among Subgroups
The mean age was 52.0 & 8.3 years in subgroup I, 55.8 £ 9.8
years in subgroup II, 56.8 + 9.lyears in subgroup III, and
57.0 £ 5.2 years in subgroup IV. There was no significant
difference in age among the four subgroups (P = 0.412).
There were 4 males (30.8%) in subgroup I, 7 males
(87.5%) in subgroup II, 12 males (50.0%) in subgroup III,
3 males (37.5%) in subgroup IV. There was no significant
difference in gender among four subgroups (P = 0.074).
As shown in Figure 6, there were significant differ-
ences among four subgroups regarding trauma exposure
(P = 0.035), full-thickness (FT) supraspinatus (SSP)

tendon tears (P = 0.015), infraspinatus (ISP) tendon
tear (P < 0.001), and subscapularis (SCP) tendon tears
(P = 0.049).

As shown in Figure 7, there were significant differences
among four subgroups in BMD distribution classified as
normal bone mass, osteopenia, and osteoporosis (P = 0.044).

As shown in Table 2, there were significant differences
among four subgroups regarding medial row anchors (P <
0.001), lateral row anchors (P < 0.001), total medical care
costs (P < 0.001), and consumables costs (P < 0.001).
There were no significant differences among sub-groups
for other indicators.

Characteristics of Subgroups

We observed the highest frequency of trauma exposure,
ISP ten-don tear, SCP tendon tear, osteoporosis in sub-
group II, as well as, we observed the highest number of
medial row anchors, lateral row anchors, total medical care
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Figure 2 The BMD value and Z-score of patients.
Abbreviation: BMD, bone mineral density.
costs, and consumables costs in subgroup IL RCT occurs as a result of a broken tendon-bone inter-

Correspondingly, subgroup IV showed the lowest fre-
quency of trauma exposure, FT-SSP tendon tears, the low-
est number of medial row anchors, lateral row anchors,
total medical care costs, consumables costs, and the high-
est frequency of osteopenia. There were no ISP ten-don
tear, SCP tendon tear, and osteoporosis in subgroup I and
sub-group 1V (Figure 8).

Discussion

Rotator cuff tears (RCT) are a common cause of shoulder
painl-3. Yamaguchi et al pointed out the mean age was
58.7 years for unilateral RCT and 67.8 years for bilateral
RCTS. In a study conducted by Andrew et al, 6653 indi-
viduals were reviewed, hypertension was involved in
48.3% of patients, diabetes mellitus was involved in
20.1% of patients, and dominant shoulder was involved
in 50.4% of patients.”” In our study, the mean age of RCT
patients was 55.5 + 8.6 years, hypertension was involved
in 32.08% of patients, diabetes mellitus was involved in
5.66% of patients, and dominant shoulder was involved in
58.49% of patients.

face, which suggests that rotator cuff tendon-bone healing
is an essential component for RCT therapy.*®>' BMD is an
important factor linked with rotator cuff tendon-bone heal-
ing, recent studies have shown that the failure rate of
rotator cuff healing was 7.25 times in patients with osteo-
porosis than patients with normal bone mass9. In our
study, osteoporosis was involved in 7.55% of patients
and all patients with osteoporosis were accompanied by
FT-SSP tendon tears.

In the costs analysis performed by Savoie et al, 50
patients with successful rotator cuff repair surgery were
reviewed, the mean medical care costs were $50,302.25 if
the patients were referred to a specialist immediately fol-
lowing the diagnosis of RCT, the mean medical care costs
were $25,870.6412. In our study, the total medical care
costs were 58,612.60 + 9,823.01 yuan, the consumables
costs were 38,557.87 + 9,253.44 yuan with the highest
proportion.

Recent advances in UML have shown that it can
help physicians to analyze massive information and is
crucial in medical practice optimization.**° In the

https:

3980

Dove!

Risk Management and Healthcare Policy 2021:14


https://www.dovepress.com
https://www.dovepress.com

Dove Wang et al
2 =
1 - -
0
(]
=
= J
>
-1 4
: -0.41
= L
| 1 -0.83
-0.75 -0.61 L 1 059
. 041 o .
-3 1 I 1 I ' I ' I ' I
L1 L2 L3 4 Mean PF Hip
T-score
Figure 3 The T-score of patients.
Abbreviation: PF, proximal femur.
B Consumables costs
[ Surgical costs
B Drug costs
. [ ] Others
. 5. 45% B Costs of medical service
9. 95%
28. 72%
3. 19%
52. 69%
Figure 4 The distribution of medical care costs. The consumables costs contributed the highest proportion (52.69%).
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Figure 5 The input dataset was divided into four subgroups. (A) Dimensionality reduction of the input dataset into a two-dimensional data space using principal component
analysis. (B) The k-means clustering algorithm was used to divide the dataset into 4 subgroups, with red dots representing subgroup | (n=13), blue dots representing

subgroup Il (n=8), green dots representing subgroup Ill (n=24), and yellow dots representing subgroup IV (n=8).
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Figure 7 There were significant differences among four subgroups in BMD distribution.

Abbreviation: Nor, normal.

study of Baud et al, UML can provide a powerful
approach for the automatic identification of recurrent
pathological neurophysiological signals, which is impor-
tant for the accurate, quantitative, and individualized
evaluation of focal epilepsy.*® In a study conducted by
Yang et al, the UML algorithm was used to reveal
phenotypically distinct cell populations and determines
whether these populations stratify patient survival with
glioblastoma.®® In the study conducted by Cikes et al,
1106 patients with heart failure were reviewed, UML
can provide a clinically meaningful classification and
may help rates to specific

optimize response

treatments.>>

In our study, 53 patients were reviewed and up to 40
indicators per patient were collected. Finally, the input
dataset was divided into four subgroups. Subgroup II had
the highest frequency of osteoporosis, ISP tendon tear, and
SCP tendon tear, which indicated that decrecased BMD
downregulated the union strength of tendon-bone interface
and decreased the threshold of ISP tendon tear and SCP
tendon tear. Meanwhile, subgroup II had the highest num-
ber of medial row anchors and lateral row anchors, which
could be due to ISP tendon tear and SCP tendon tear
increased the area requiring repair, or due to more anchors
were required to maintain the union strength of tendon-
bone interface which downregulated by decreased BMD.

Table 2 Comparisons Among Subgroups Regarding Medial Row Anchors, Lateral Row Anchors, Total Medical Care Costs,

Consumables Costs

Group Medial Row Anchors | Lateral Row Anchors | Total Medical Care Costs (Yuan) | Consumables Costs (Yuan)
Subgroup | 1.92 +0.28 1.08+0.28 5.16£1.51 3.22+0.10

Subgroup Il 3.25 £1.04 2.13£0.35 7.63+0.52 5.53 £0.39

Subgroup llI 2.25 +0.44 1.71+0.46 6.09+0.24 4.07 £0.22

Subgroup IV 1.00 +0.00 1.00+0.00 4.53+0.14 2.57%0.17

F value 26.73 20.52 212.02 273.64

P value < 0.001 < 0.001 < 0.001 < 0.001
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Subgroup I
.Low trauma rate

.High FT-SSP tear rate
.Lowest ISP, SCP tear rate
.Few MRA and LRA
.Low total medical care costs,

consumables costs

.Lowest osteoporosis rate

High osteopenia rate

Subgroup II
.Highest trauma rate

.Low FT-SSP tear rate
.Highest ISP, SCP tear rate
.Most MRA and LRA
.Highest total medical care
costs, consumables costs
.Highest osteoporosis rate

Lowest osteopenia rate

Subgroup III
.High trauma rate

.Highest FT-SSP tear rate
.High ISP, SCP tear rate
.Much MRA and LRA

.High total medical care costs,

consumables costs

.High osteoporosis rate

.Low osteopenia rate

Figure 8 Summary of clinical features, BMD features, and medical care costs among four subgroups.
Abbreviations: FT-SSP, full-thickness supraspinatus tendon tears; ISP, infraspinatus tendon tear; SCP, subscapularis tendon tears; MRA, medial row anchors; LRA, lateral row anchors.

Interestingly, Subgroup IV had the highest frequency of
osteopenia, but there were no ISP tendon tear and SCP
tendon tear in all patients, which indicated that the decreased
BMD taking osteopenia as the lower limit did not reach the
threshold of ISP and SCP tendon tear. Meanwhile, subgroup
IV had the lowest number of medial row anchors and lateral
row anchors, which indicated that the decreased BMD taking
osteopenia as the lower limit did not downregulate the union
strength of the tendon-bone interface.

This study has some limitations: (1) It is a small
retrospectively study; (2) There are few indicators in
this study, furthermore indicators were needed for
a systematic and comprehensive assessment of RCT;
(3) The research is a single-center study, the results
may be biased and further larger, multicenter research
was needed to confirm our findings.

Conclusion

The unsupervised machine learning-based analysis of RCT
can provide clinically meaningful classification, which
shows good interpretability and contribute to a better
understanding of RCT. The significance of the results is
limited due to the small number of samples, a larger fol-
low-up study is needed to confirm the encouraging results.
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