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Background and Purpose  Many elderly patients are unable to actively stand up by them-
selves and have contraindications to performing the head-up tilt test (HUTT). We aimed to 
develop screening algorithms for diagnosing orthostatic hypotension (OH) before perform-
ing the HUTT.
Methods  This study recruited 663 patients with orthostatic intolerance (78 with and 585 
without OH, as confirmed by the HUTT) and compared their clinical characteristics. Uni-
variate and multivariate analyses were performed to investigate potential predictors of an OH 
diagnosis. Machine-learning algorithms were applied to determine whether the accuracy of 
OH prediction could be used for screening OH without performing the HUTT.
Results  Differences between expiration and inspiration (E-I differences), expiration:inspiration 
ratios (E:I ratios), and Valsalva ratios were smaller in patients with OH than in those without 
OH. The univariate analysis showed that increased age and baseline systolic blood pressure (BP) 
as well as decreased E-I difference, E:I ratio, and Valsalva ratio were correlated with OH. In the 
multivariate analysis, increased baseline systolic BP and decreased Valsalva ratio were found to 
be independent predictors of OH. Using those variables as input features, the classification accu-
racies of the support vector machine, k-nearest neighbors, and random forest methods were 
84.4%, 84.4%, and 90.6%, respectively. 
Conclusions  We have identified clinical parameters that are strongly associated with OH. Ma-
chine-learning analysis using those parameters was highly accurate in differentiating OH from 
non-OH patients. These parameters could be useful screening factors for OH in patients who are 
unable to perform the HUTT.
Key Words    orthostatic hypotension, heart rate, Valsalva maneuver, machine learning. 

Heart-Rate-Based Machine-Learning Algorithms for 
Screening Orthostatic Hypotension

INTRODUCTION

Orthostatic hypotension (OH) is defined as a reduction of the systolic blood pressure (BP) 
of at least 20 mm Hg or of the diastolic BP of 10 mm Hg within 3 minutes of standing or 
head-up tilting from a lying or sitting position.1 Because OH is a clinical sign, it can be ei-
ther symptomatic or asymptomatic.1 OH may occur in disorders involving the autonomic 
nervous system (e.g., Parkinson’s disease, multiple-system atrophy, pure autonomic failure, 
and diabetic autonomic neuropathy) as well as in various conditions such as dehydration, 
sepsis, and taking drugs.2,3 Since OH is associated with increased risks of falling injury, car-
diovascular events, and cognitive impairment, it is implicated in unfavorable outcomes and 
increased mortality.4-9 Considering the deleterious effects of OH, early detection and timely 
management are needed to promote favorable outcomes and decrease the mortality rate.

While the head-up tilt test (HUTT) has been widely used for diagnosing OH, there are 
many patients with suspected OH who cannot hold this position on the tilt table. In addi-
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tion, while the HUTT is safe, relative contraindications have 
been reported including severe left ventricular outflow ob-
struction, critical mitral stenosis, and severe proximal coro-
nary artery and cerebrovascular stenosis.10 In addition to the 
physical limitations, the time and cost burdens of performing 
the HUTT constrains the monitoring of treatment responses 
and symptom progression through repeated HUTTs. 

There have been efforts to identify alternative clinical 
markers for diagnosing OH that can overcome the limita-
tions of the HUTT. In our previous study, patients with OH 
showed the most-prolonged corrected QT interval on elec-
trocardiography among patients with orthostatic intolerance 
(OI) including OH, neurocardiogenic syncope, and postural 
tachycardia syndrome.11 This finding suggests that a correct-
ed QT interval could be a useful marker for identifying OI.11 
Using near-infrared spectroscopy, monitoring the pattern of 
cerebral perfusion changes during the Valsalva maneuver 
(VM) was also found to be a useful tool for identifying pa-
tients with OI as an alternative to the HUTT.12 In addition, a 
few studies have shown a relationship between BP responses 
during the VM and HUTT, implying that the VM might be 
a nonpostural method for supplementing the HUTT in de-
tecting and differentiating OI.13,14 Although the above-men-
tioned methods are valuable alternatives that can be applied 
to patients who are unable to perform the HUTT, those 
methods have the limitation that beat-to-beat BP measure-
ments using special equipment are required to obtain reliable 
data. However, recent technological advances have allowed the 
heart rate (HR) to be monitored reliably and conveniently at 
home using wearable electronic devices.15

If the accuracy of an algorithm utilizing HR-based pa-
rameters acquired from nonpostural stimuli without special 
equipment to measure the beat-to-beat BP is high enough 
for differentiating OI, it might be possible to diagnose OH 
in a timely manner while performing the usual daily activi-
ties in real time. In this study we conducted a logistic regres-
sion analysis to identify which clinical characteristics and HR-
based measurements of autonomic function tests (AFTs) 
could be considered clinical markers for differentiating OH 
from non-OH patients. In addition, we applied machine-
learning algorithms to determine whether the accuracy of 
detecting OH using clinical variables and HR-based mea-
surements of AFTs is sufficient for screening OH before per-
forming the HUTT to confirm the results.

METHODS

Subjects
We included 719 subjects with OI who underwent composite 
AFTs at a university-affiliated hospital from January 2017 to 

December 2017. Based on the HUTT findings, these patients 
with OI were categorized into OH, neurocardiogenic synco-
pe, and postural tachycardia syndrome.1 Subjects who did 
not show any significant changes in BP or HR during the 
HUTT and who did not meet the criteria for OH, neurocar-
diogenic syncope, and postural tachycardia syndrome served 
as non-OH controls. Patients who had proven causative fac-
tors for OI or conditions that prevented AFTs being complet-
ed were excluded, which comprised patients with a history of 
developmental abnormalities, proven cardiac arrhythmia, sig-
nificant head injury, alcohol or substance abuse, or psychiatric 
disorders. The local ethics committee approved the study 
protocol (IRB No. 2016AN0075).

AFTs
All patients were requested to not consume alcohol or coffee 
and to discontinue any medication that could affect auto-
nomic function for at least 24 hours prior to each test. Tests 
were performed in the following sequence according to the 
standard electrodiagnostic laboratory environment:11,16-18 1) 
quantitative sudomotor axon reflex test (QSART), 2) HR re-
sponse to deep breathing, 3) VM, and 4) HUTT. The Com-
posite Autonomic Scoring Score (CASS), which is a validat-
ed measurement of the severity of autonomic dysfunction, 
was derived from the AFTs.19

QSART
The QSART, which was performed with the Q-Sweat device 
(WR Medical Electronics, Maplewood, MN, USA), provides 
an index of sympathetic postganglionic sudomotor func-
tion.20 The stimulus consisted of 10% iontophoresed acetyl-
choline applied using a constant-current generator at 2 mA 
for 5 minutes. Sweat volumes were recorded in the central 
compartment of a multicompartmental sweat cell from the 
following four sites: 1) the medial forearm (75% of the dis-
tance from the ulnar epicondyle to the pisiform), 2) proximal 
leg (5 cm distal to the fibular head laterally), 3) distal leg (5 
cm proximal to the medial malleolus medially), and 4) proxi-
mal foot (over the extensor digitorum brevis muscle). The 
QSART result was considered abnormal if the sweat volume 
was lower than the age- and sex-specific reference values.21

Deep breathing and the VM
Deep breathing is used to test cardiovagal functions. The VM 
can be used to evaluate sympathetic adrenergic functions 
based on BP responses as well as cardiovagal (parasympathet-
ic) functions based on HR responses. Both were measured 
with Finometer equipment (Finapres Medical Systems, Am-
sterdam, Netherlands) using previously described techniques.20 
During deep breathing (6 breaths per minute), the HR range 
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in response to forced respiratory sinus arrhythmia was ob-
tained. The difference between expiration and inspiration (E-I 
difference) was determined by subtracting the minimum HR 
during expiration from the maximum HR during inspiration 
for each six-breath cycle. The expiration:inspiration ratio (E:I 
ratio) was measured as the ratio of the longest R-R interval 
during expiration to the shortest R-R interval during inspira-
tion. For the VM, subjects were asked to blow through a 
mouthpiece attached to a manometer and maintain a pressure 
of 40 mm Hg for 15 seconds while in a rested and recumbent 
position. After a practice run, subjects performed a series of 
VMs until two reproducible arterial systolic BP responses were 
obtained. The data obtained during the maneuver were dis-
carded if the subject was unable to maintain a pressure of at 
least 30 mm Hg for at least 10 seconds. The averages of systolic 
BP, diastolic BP, and HR were determined for each patient over 
the 30-second interval directly preceding the VM. The magni-
tude of BP was determined for four phases as described previ-
ously:22 phase I, early and late phase II, phase III, and phase IV. 
In subjects with an absent late phase II, the value for early 
phase II was used instead and the absence noted (zero value). 
The BP change in each phase was quantified as the difference 
from the average systolic BP. The pressure recovery time was 
defined as the time taken for the systolic BP to return from its 
lowest value during the valley of phase III to baseline before it 
overshot during phase IV. The Valsalva ratio was calculated as 
the ratio between the highest HR generated in phase II and the 
lowest HR in phase IV, as described previously.22 In cases 
where there was a flat-top response during the VM, the test 
was repeated with the head tilted up by 20° in order to obtain 
appropriate results. If the appropriate test result could not be 
acquired, it was ignored as a missing value. All patients with 
any missing values were excluded from the analyses.

HUTT 
The HUTT was performed using Finometer equipment (Fi-
napres Medical Systems) with a cuff placed on the middle 
finger and a sphygmomanometer cuff simultaneously placed 
over the brachial artery. Serial measurements of BP and HR 
were performed. The systolic and diastolic BPs were dis-
played on a monitor console. After resting for 20 minutes in 
a supine position on a standard electrically driven tilt table 
with a footboard, the baseline BP was measured while si-
multaneous HR recording was also performed. The table 
was then tilted for 30 minutes at an angle of 70° from the 
supine position. The systolic BP, diastolic BP, mean BP, and 
HR were serially measured every minute for 30 minutes. 
The resting-state BP and HR were then measured 10 min-
utes after returning the table to a supine position. 

Based on the response pattern to the HUTT, patients were 

classified as OH, neurocardiogenic syncope, or postural 
tachycardia syndrome. Patients were classified as OH if the 
systolic or diastolic BP had decreased by at least 20 mm Hg 
or 10 mm Hg, respectively, within 3 minutes after standing 
up following the HUTT.23 Patients were classified as having 
neurocardiogenic syncope when the development of symp-
toms recognized by the patients was similar to those of 
spontaneous syncope in association with hypotension, bra-
dycardia, or both.3 Patients who displayed HR increases of 
more than 30 beats per minute or a maximum HR of 120 
beats per minute within the first 10 minutes without evi-
dence of OH were classified as having postural tachycardia 
syndrome.1 Patients were rapidly returned to the supine po-
sition as soon as symptoms occurred.

Statistical analysis and machine learning
Clinical variables and parameters of AFTs were compared 
between patients with OH and non-OH controls using the 
chi-squared test or independent t-test. Univariate analysis 
was used to identify the clinical and AFT variables that were 
associated with OH in logistic regression. Variables found to 
be possibly significant predictors of OH (p<0.05) in the uni-
variate analysis were entered into a multivariate analysis. 
Multivariate analyses were conducted using logistic regres-
sion to determine the factors independently predicting OH. 
All patients with any missing values in AFTs were excluded 
from the analyses. Statistical analyses were performed using 
SPSS (version 21.0, IBM Corp., Armonk, NY, USA). 

Variables found to be possible predictors of OH in the uni-
variate analyses were selected as input features in machine-
learning algorithms. Because the purpose of this study was to 
determine whether OH could be screened based on HR-
based parameters that can be obtained without special equip-
ment, the measures from the QSART and from BP responses 
during the VM are not considered as predictors in the uni-
variate and multivariate analyses. Since the sample sizes of the 
2 groups were not balanced (78 OH and 585 non-OH pa-
tients), machine-learning algorithms could be skewed toward 
predicting non-OH. To deal with problems associated with 
the imbalanced data sets, we modified the training set by 
downsizing the larger samples.24 Specifically, 78 non-OH par-
ticipants were randomly selected using a random-number ta-
ble from the pool of 585 non-OH participants. The trends of 
the differences in age, sex, and AFT results between the se-
lected 78 non-OH and 78 OH individuals were the same as 
those between all 585 non-OH controls and 78 OH patients. 

This study evaluated the utility of the selected input features 
in discriminating the two groups (i.e., OH patients and non-
OH controls) by applying three widely used supervised ma-
chine-learning techniques: support vector machine (SVM),25 
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k-nearest neighbors (KNN),26 and random forest classifiers.27 
These analyses were carried out using the scikit-learn package 
written in the Python programming language.28 Subjects with 
missing data points were excluded. We evaluated tenfold cross-
validations with the proportion of data points from the two 
classes (i.e., OH and non-OH), controlled to be the same in 
every partition. The performance of each classifier was evalu-
ated using a confusion matrix containing the following preci-
sion, recall, and accuracy parameters:

                     TPPrecision= 
                     (TP+FP),

                   TP    Recall= 
                    (TP+FN),

                       (TP+TN)Accuracy= 
                      (TP+TN+FP+FN),

where TP, FP, TN, and FN are the numbers of true positives, 
false positives, true negatives, and false negatives, respectively.

RESULTS

Subject characteristics
The results from the HUTTs revealed that 78 of the 719 en-
rolled OI patients had OH, 30 had neurocardiogenic syn-
cope, 26 had postural tachycardia syndrome, and 585 had 
none of these conditions, and so 78 HUTT-confirmed OH 
patients and 585 non-OH controls were included in the sta-
tistical analysis. Their demographics, clinical characteris-
tics, and AFT parameters are detailed in Table 1. Compared 
with controls, OH patients were more likely to be older and 
hypertensive (both p<0.001). The most-common cause of 
OH in the 78 patients with OH was Parkinson’s disease 
(n=43), followed by multiple-system atrophy (n=19) and 
diabetic neuropathy (n=16).

Comparisons of AFT results and regression analyses
The recorded sweat volume in the proximal foot (p=0.013), 
E-I difference (p<0.001), E:I ratio (p<0.001), and Valsalva 
ratio (p=0.008) were smaller in patients with OH than con-

Table 1. Demographics and results of autonomic function tests

OH patients (n=78) Non-OH controls (n=585) p
Age, years 68.1±11.8 57.1±16.6 <0.001

Sex, female 34 (43.6) 288 (49.2) 0.399

Baseline systolic BP, mm Hg 144.7±22.4 130.9±21.9 <0.001

Baseline diastolic BP, mm Hg 69.0±10.3 68.7±9.5 0.810

Baseline HR, bpm 69.0±14.1 68.0±10.6 0.447

QSART sweat volume, µL

Forearm 1.07±0.89 1.01±1.19 0.672

Proximal leg 1.06±1.38 1.06±1.37 0.981

Distal leg 0.94±0.62 0.97±0.76 0.688

Proximal foot 0.20±0.24 0.28±0.31 0.013

Deep breathing 

Minimum expiration HR, bpm 67.2±15.1 64.9±11.2 0.189

Maximum inspiration HR, bpm 72.8±15.0 74.7±11.3 0.282

E-I difference, bpm 5.6±3.6 9.9±6.9 <0.001

E:I ratio 1.09±0.06 1.16±0.11 <0.001

Valsalva maneuver

ΔSystolic BP (early phase II), mm Hg -37.4±19.8 -4.6±12.0 <0.001

ΔSystolic BP (late phase II), mm Hg -18.8±25.3 6.4±11.6 0.004

ΔSystolic BP (phase IV), mm Hg 22.8±16.6 23.8±15.4 0.869

Valsalva ratio (phase-II HR/phase-IV HR) 1.24±0.16 1.46±0.75 0.008

CASS

Total score 4.38±1.80 2.09±1.66 <0.001

Sudomotor-domain score 1.50±0.92 1.04±0.91 <0.001

Cardiovagal-domain score 1.18±0.77 0.65±0.70 <0.001

Adrenergic-domain score 1.72±0.97 0.42±0.72 <0.001

Data are mean±SD or n (%) values.
BP: blood pressure, CASS: Composite Autonomic Scoring Scale, E-I difference: difference between expiration and inspiration, E:I ratio: expiration: inspi-
ration ratio, HR: heart rate, OH: orthostatic hypotension, QSART: quantitative sudomotor axon reflex test.
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trols. The HR during phase IV in the VM was higher in the 
OH patients than in the controls (p=0.025). The decrease in 
BP during early phase II in the VM was larger in the OH 
patients than in the controls (p<0.001). BP during late phase 
II in the VM increased in the controls but not in the OH pa-
tients (p=0.004). The total CASS score and the scores in all of 
its domains were higher in the OH patients than in the con-
trols (all p<0.001).

The results from the univariate and multivariate analyses 
are summarized in Table 2. Increased age, decreased E-I 
difference, decreased E:I ratio, decreased Valsalva ratio, and 
increased baseline systolic BP were found to be associated 
with predicting OH in the univariate analyses (all p<0.001). 
In the multivariate analyses, a decrease in the Valsalva ratio 
(p<0.001) and an increase in baseline systolic BP (p=0.027) 
were found to independently predict OH.

Application of machine-learning algorithms
Compared with 78 non-OH controls who were randomly 
selected to balance the data sets for machine learning, the 
OH patients were more likely to be older and hypertensive 
(both p<0.001). The E-I difference (p<0.001), E:I ratio (p< 
0.001), and Valsalva ratio (p=0.016) were smaller in patients 
with OH than in the 78 non-OH controls. These trends are 
the same as in comparisons between the 78 OH patients and 
all 585 non-OH controls. The five variables (i.e., age, base-
line systolic BP, E-I difference, E:I ratio, and Valsalva ratio) 
found to be possible predictors of OH in the univariate anal-
yses were selected for use as input features in machine-learn-
ing algorithms. The results obtained using the machine-learn-
ing algorithms are presented in Table 3. The accuracies for 
classifying between OH and non-OH patients were 84.4%, 
84.4%, and 90.6% for the SVM, KNN, and random forest 
methods, respectively.

DISCUSSION

We found that age, baseline systolic BP, E-I difference, E:I 
ratio, and Valsalva ratio are possible predictors for differen-
tiating OH from non-OH patients. Among these five vari-
ables, increased baseline systolic BP and a decreased Valsal-
va ratio were found to be independent predictors of OH. 
Moreover, we observed that a random forest classifier could 
distinguish OH from non-OH patients using the five vari-
ables with an accuracy of 90.6%.

OI is a main presenting symptom of sympathetic adrener-
gic failure. In addition, adrenergic dysfunction is considered 
as a mechanism underlying neurogenic OH that occurs fre-
quently in patients with neurodegenerative disorders.29 Giv-
en that BP and HR responses during the VM as well as dur-
ing the HUTT are widely used for quantifying adrenergic 
autonomic function,30 previous findings of close relation-
ships between BP changes during the VM and HUTT sug-
gest that the VM can be used as a supplementary nonpos-
tural technique to measure baroreflex sensitivity in patients 
with OI.13,14 Our findings that HR responses during the VM 
(i.e., Valsalva ratio) were found to independently predict 
OH further support this suggestion.

Previous studies have provided valuable information 
about the utility of BP responses during the VM for diag-
nosing or differentiating OI,13,14 but there remains a paucity 
of studies investigating the usefulness of HR responses dur-
ing nonpostural stimuli (including the VM and deep breath-
ing) for diagnosing OH. We found that OH patients exhibit-
ed decreases in HR responses during the VM (i.e., Valsalva 

Table 2. Results from the logistic regression analyses of predicting orthostatic hypotension

Univariate analysis p Multivariate analysis p
Age 1.057 (1.036–1.079) <0.001 NS NS

Male sex 1.255 (0.780–2.020) 0.350 - -

E-I difference 0.883 (0.835–0.934) <0.001 NS NS

E:I ratio 0.000 (0.000–0.004) <0.001 NS NS

Valsalva ratio 0.002 (0.000–0.011) <0.001 0.006 (0.001–0.048) <0.001

Baseline systolic BP 1.026 (1.016–1.036) <0.001 1.013 (1.001–1.024)   0.027

Baseline diastolic BP 1.003 (0.979–1.028) 0.809 - -

Baseline HR 1.008 (0.987–1.029) 0.447 - -

Data are odds ratio (95% confidence interval) values.
BP: blood pressure, E-I difference: difference between expiration and inspiration, E:I ratio: expiration:inspiration ratio, HR: heart rate, NS: not significant.

Table 3. Performance of the machine-learning algorithms

Algorithm Precision Recall Accuracy
SVM 0.83 0.88 0.84

KNN 0.83 0.88 0.84

Random forest 0.94 0.88 0.91

KNN: k-nearest neighbors, SVM: support vector machine.
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ratio) and deep breathing (i.e., E-I difference and E:I ratio) 
relative to non-OH controls. Moreover, we identified that 
the accuracy of a random forest algorithm for differentiating 
OH from non-OH patients using the variables without pos-
tural stimuli was more than 90%. Our findings suggest that 
HR changes during nonpostural stimuli, including VM and 
deep breathing, might be an important marker for diagnos-
ing OH in patients with OI.

While OH is a well-known manifestation of adrenergic 
sympathetic dysfunction, our findings of decreases in E-I 
difference, E:I ratio, and Valsalva ratio indicated that the pa-
tients with OH also had cardiovagal parasympathetic dys-
function.30 The mechanisms underlying impairments of au-
tonomic function encompassing the adrenergic sympathetic 
and cardiovagal domains in patients with OH are not fully 
understood. However, they might be partly explained by 
parasympathetic function usually being impaired before 
sympathetic function in disorders involving the autonomic 
nervous system.31 Based on the sequential pattern of pro-
gression of autonomic dysfunction, our results further sup-
port the hypothesis that parameters reflecting cardiovagal 
function can be used as sensitive screening measurements 
for sympathetic dysfunction.31

Previous studies utilized the pulse transit time (PTT) as a 
surrogate marker for BP changes, since wearable devices can 
measure BP continuously and conveniently.32,33 However, 
PTT-based BP estimation might not be reliable in patients 
with atherosclerotic arterial stiffness and cardiac arrhyth-
mia.34,35 Considering that elderly OH patients usually have 
cardiovascular comorbidities, PTT-based BP measurements 
by wearable devices might be restricted in identifying the 
presence of OH. In our study, the parameters used in the 
highly accurate predictive algorithm were mainly based on 
the HR, and so HR-based algorithms for screening OH could 
be easily applied when special equipment such as a tilt table 
and Finometer are not available. Moreover, since the VM 
and deep breathing can be easily applied by patients them-
selves as nonpostural stimuli, our findings may represent evi-
dence for the utility of using HR-based algorithm-embedded 
wearable devices to diagnose OH.

It remains unclear how the HR-based algorithm predicts 
OH with high accuracy. Heart rate variability (HRV) has been 
widely used for quantifying sympathetic and parasympathetic 
activities through time- and frequency-domain parameters.36 
A plausible explanation for the high accuracy of the HR-based 
algorithm in predicting OH is that HR responses during deep 
breathing and during the VM act as sensitive predictors in the 
same way as time-domain HRV parameters. Further study is 
needed to understand the mechanisms underlying how HR-
based parameters can be used to predict OH with high accu-

racy in machine-learning algorithms.
There are several limitations of the present study that should 

be considered when interpreting our results. First, only sub-
jects who were referred to a university-affiliated hospital with 
a relatively small patient population were included in this 
study. This restricts the ability to generalize our findings to the 
entire OH population. Second, the OH patients and non-OH 
controls were not matched for age, and so the higher incidence 
of comorbidities in elderly patients with OH might have con-
founded the results of the AFTs. Finally, a flat-top response 
during the VM can appear in patients with a cardiac problem, 
and appropriate test results cannot be obtained even after re-
peating the maneuvers with the head tilted up by 20°. This 
might prevent implementing the VM to derive the parameters 
that are applicable to the algorithm.

We have found that age, baseline systolic BP, E-I differ-
ence, E:I ratio, and Valsalva ratio could be alternatives to 
the HUTT for predicting OH. In addition, machine-learn-
ing algorithms using these five parameters as input features 
were highly accurate in differentiating OH from non-OH 
patients. Given the poor reproducibility and low sensitivity 
of the HUTT,37,38 machine-learning algorithms using these 
features might be a useful screening tool for diagnosing 
OH before performing the HUTT. Future prospective stud-
ies with large populations are required to verify the reliabil-
ity of applying machine-learning algorithms to diagnose 
OH based on variables obtained without special equipment.
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