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1 | INTRODUCTION

Objectives: Approximately 30% of patients with aneurysmal subarachnoid hemor-
rhage (aSAH) develop delayed cerebral ischemia (DCI). DCI is associated with in-
creased mortality and persistent neurological deficits. This study aimed to analyze
heart rate variability (HRV) data from patients with aSAH using machine learning to
evaluate whether specific patterns could be found in patients developing DCI.
Material & Methods: This is an extended, in-depth analysis of all HRV data from a
previous study wherein HRV data were collected prospectively from a cohort of
64 patients with aSAH admitted to Sahlgrenska University Hospital, Gothenburg,
Sweden, from 2015 to 2016. The method used for analyzing HRV is based on several
data processing steps combined with the random forest supervised machine learning
algorithm.

Results: HRV data were available in 55 patients, but since data quality was signifi-
cantly low in 19 patients, these were excluded. Twelve patients developed DCI. The
machine learning process identified 71% of all DCI cases. However, the results also
demonstrated a tendency to identify DCI in non-DCI patients, resulting in a specific-
ity of 57%.

Conclusions: These data suggest that machine learning applied to HRV data might
help identify patients with DCI in the future; however, whereas the sensitivity in the
present study was acceptable, the specificity was low. Possible confounders such as
severity of illness and therapy may have affected the result. Future studies should
focus on developing a robust method for detecting DCI using real-time HRV data and

explore the limits of this technology in terms of its reliability and accuracy.
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deficits, and impaired quality of life. Hence, decreasing these neu-

rological injuries would benefit patients and the society. However,

Patients with aneurysmal subarachnoid hemorrhage (aSAH) develop limitations in monitoring abilities result in the delayed diagnosis of

delayed cerebral ischemia (DCI) in approximately 30% of cases. DCl in patients with SAH, wherein irreversible neurological damage

DCl is associated with increased mortality, persistent neurological is already present when detected.>?
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Several studies have used univariate and multivariate logistic re-
gression analyses to identify the risk factors for the development of
DCl in patients with subarachnoid hemorrhage.3'4 These studies are
based on patient characteristics on admission, and the precision of
these statistical models is generally low. Recently, machine learn-
ing algorithms using a combination of clinical and image data or bio-
markers have also been evaluated to predict DCI development.>¢
However, and most importantly, the prediction of DCI does not pre-
vent it from occurring. Therefore, to be able to prevent the occur-
rence of DCI after subarachnoid hemorrhage, and cerebral ischemia
in other patient groups in general, a monitoring system that can warn
physicians of imminent risk of cerebral ischemia needs to be devel-
oped. This is a prerequisite to be able to intervene and thus preclude
permanent neurological damage.

In search for a biomarker with the potential to indicate upcoming
cerebral ischemia as well as provide continuous monitoring, heart
rate variability (HRV) has gained interest. As a marker for the balance
between the sympathetic and parasympathetic nervous systems,
HRV has previously been reported as a predictor of poor outcomes
after traumatic brain injury and stroke, including subarachnoid hem-
orrhage.7'11 However, HRV monitoring for the detection of incipient
DCI has not been thoroughly evaluated.

In a previous study, we discovered that HRV parameters differed
between patients with and without DCI, but a temporal association
between changes in HRV parameters and DCI development could not
be identified.!?> However, since only a minor part of all continuously
collected data was analyzed in that study, the full potential of HRV as
a marker for incipient DCI can still be examined further. This raised the
question of whether computer-aided analysis of HRV with pattern rec-
ognition, including all collected data, could yield significant progress.

The overall aim of this pilot study was to analyze HRV raw data,
which is the RR interval, using machine learning to evaluate whether
specific patterns in the data could be found in patients developing
DCI during the acute phase after an aSAH. Therefore, we hypothe-
sized that it is possible to develop a machine learning algorithm that
can identify the development of DCl in a patient after SAH.

2 | MATERIAL AND METHODS

The study was approved by the Regional Ethical Review Board in
Gothenburg, Sweden (no. 053-15). Written informed consent
was obtained from the patients or their next of kin before inclu-
sion. The study was retrospectively registered at ClinicalTrials.gov
(NCT04415736). The manuscript adheres to the guidelines for re-
porting development of machine learning models and the MI-CLAIM
checklist is included.™

2.1 | Patients

This is a machine learning based analysis of all recorded HRV data
collected during a previous study by our group,12 It is an extended,

in-depth analysis of HRV data that was collected prospectively
from a cohort of 64 patients with aSAH admitted to Sahlgrenska
University Hospital in Gothenburg, Sweden, from 2015 to 2016.
Patient characteristics are provided in Table 1. Medical treatment
during the observed period was in accordance with international
guidelines14 and is further elaborated in our previously published
study.*?

2.2 | Methods
2.2.1 | Identification of DCl and raw data collection

Clinical neurological examination was performed and documented
at least three times a day. Radiological examination was performed
at the discretion of the attending physician. DCI was defined ac-
cording to current guidelines as the appearance of focal or global
(two-point decrease on GCS scale) neurological impairment and/
or cerebral infarction on CT or MR and not attributed to other
causes.’ Patients were categorized in to three groups; patients
who subsequently developed DCI (DCI group), patients who did
not develop DCI (non-DCI group) and patients in whom presence
of DCI was unkown. The last group was excluded from further
analysis.

A device for ECG and HRV monitoring (eMotion-LAB Mega
Electronics Ltd.) was attached to the patient's chest upon arrival
at the neurointensive care unit (NICU). Data were continuously
collected at a sampling rate of 1000 Hz for up to 10 days or until
discharge.

After extraction all HRV data periods were aligned to 00:00 h,
labelled according to which group the patient belonged and di-
vided into 12-h period to have equal feature vectors for machine
learning. We then used these 12-h periods to train and evaluate
the machine learning algorithm random forest. This provided us
with the accuracy, MCC and other machine learning performance
metrics. The sub-sections below describe the details of each of

these steps.

2.2.2 | Feature extraction

The method used for analyzing HRV is based on several data pro-
cessing steps combined with a random forest supervised machine
learning algorithm®® Patient's HRV data was labelled with DCI/
non-DCI depending on which group the patient belonged to, then
it was divided into feature vectors of equal length, which were
used as input to training (67% of the data) and validation (33% of
the data). The detailed procedure is as follows. The RR intervals, the
time elapsed between two successive R-waves of the QRS signal
on the ECG, were extracted offline using the Kubios HRV analysis
software. In these two steps, the data is processed as time series
over a stream without any data cleaning. This means that the data
can contain noise, which can be caused by the misalignment of the
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TABLE 1 Patient characteristics

Category Variable

Demographic Women, n (%)

Age, median (range)
Medical history Cardiovascular disease, n (%)
Hypertension, n (%)
Diabetes, n (%)

Smoking, n (%)

GCS GCS 13-15,n (%)

GCS 9-12,n (%)

GCS 3-8, n (%)

WEFNS 1-3, n (%)

WENS 4-5, n (%)

Grade 0-2, n (%)

Grade 3-4, n (%)

WEFENS

Modified Fisher score
Aneurysm location Anterior circulation, n (%)
Posterior circulation, n (%)
Intervention Endovascular embolization, n (%)
Surgical clipping, n (%)
Ventricular drainage, n (%)
Invasive ventilation, n (%)

Norepinephrine, n (%)

All patients (n=36) No DCI (n = 24) DCl (nh=12)
26(72) 19 (79) 7 (58)
57 (27-75) 58 (27-75) 55 (36-75)
2 (6) 1(4) 1(8)
13(36) 9 (38) 4(33)
1(3) 1(4) 0 (0)
7 (19) 4(17) 3(25)
30(83) 22(92) 8(67)
3(8) 1(4) 2(17)
3(8) 1(4) 2(17)
30(83) 22(92) 8 (67)
6(17) 2(8) 4(33)
6(17) 6(25) 0(0)
30(83) 18 (75) 12 (100)
33(92) 22 (92) 11(92)
3(8) 2(8) 1(8)
30(83) 20 (83) 10(83)
6(17) 4(17) 2(17)
12 (33) 6(25) 6 (50)
7(19) 1(4) 6 (50)
20 (56) 9 (38) 11(92)

Abbreviations: DCI, delayed cerebral ischemia; GCS, Glascow Coma Scale, assessed at the hospital to which the patient first was admitted; SAH,
subarachnoid hemorrhage; WFNS, World Federation of Neurosurgery Scale for grading SAH.

TABLE 2 Example of a feature vector
and the class for each data point

Data point index

Patient 1, period 1
Patient 1, period 2
Patient 2, period 1

Features Class

Hour 1 Hour 2 Hour 3 Hour 12 DCI
0.1 0.2 0.2 -0.1 Yes
0.0002 0.0 -0.3 0.78 Yes

-0.02 -04 0.6 0.89 No

Note: One data point represents a 12-h period for a patient. Each feature is the slope of the RR
time series curve for 1 h (hour 1 to hour 12). The class is the label of the period—whether the
patient belongs to the DCI or non-DCI group.

Abbreviation: DCI, delayed cerebral ischemia.

attached sensors, movement of patients, errors in the equipment, or
computation of the R peaks in the ECG signals.

Therefore, in the third step, the data were cleaned using a
smoothing algorithm—the moving average algorithm. The moving
average was utilized as it provided the ability to reduce the effects
of missing data points, abnormal values, and misidentified R peaks.
The moving average algorithm uses neighboring data points to re-
duce the amplitude of the RR time series in case when a single RR
value is noisy. We chose 10 neighboring data points as the moving
average, as a window of 10 balances the reduction in amplitude
(positive effect on the data quality) with the reduction of variance
(negative effect on the data quality). The noise that needed to
be cleaned at this stage, as we could not control its sources was
caused by:

1. the lack of contact between the sensor and the patient's
skin, which could not be noticed as the sensors do not
have any mechanisms notifying of the lack of contact (this
can only be observed after the data from the sensor is
downloaded to the desktop computer),

2. rapid movement of the patient, which causes the sensor to
move and therefore either add additional spikes (confused with
R or T peaks) or miss some of the spikes,

3. equipment error, which causes the value of RR intervals be
constant for longer periods of time, which is highly unlikely,
and

4. computational errors, which are caused by the computer soft-
ware processing the raw ECG signal and recognizing the R
peaks; depending on the exact position of the sensor, the ECG
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signal can have larger or smaller differences between Rand T

peaks, thus causing missed/erroneous recognition of R peaks.

In the fourth step, once the data were cleaned, features used
to train and evaluate the random forest machine learning classifier
were extracted for each data point. A feature is a numerical value
characterizing data points from a single perspective, and an exam-
ple of which is the standard deviation from normalized RR intervals
(SDNN). The features were calculated for each hour for which the
data was collected, for example, average SDNN for 1 h. In our study,
we chose the slope of the RR interval curve for each hour as the
features extracted. We used the slope in a manner similar to that
described by Megjhani et al.}” Features for each hour were subse-
quently grouped into vectors. In our study, the features were the 12
slopes of the RR time series over a period of 1 h for 12 consecutive
hours—1 h slope was one feature and the 12-h slopes were the fea-
ture vectors. Each data point was therefore a period of 12 h for one
patient, a vector of 12. Table 2 presents an example of three feature
vectors for two patients, where each feature vector is labelled with
a class (DCI and non-DCI). The label for each row corresponds to

whether the patient belongs to the DCI or non-DCI group.

2.2.3 | Datacleaning

We removed periods with too much noise and the time period for the
initial surgical procedure to secure the aneurysm. We also omitted
data from sedated patients where we could not verify the presence
of DCl in the patient. We aligned all 12-h periods at 00:00 h mean-
ing that each 12-h period starts at 00:00 or 12:00 h. To visualize the
data, we used a dimensionality reduction technique, t-distributed
Stochastic Neighbor Embedding (t-SNE).*® This algorithm allowed us
to reduce 12 dimensions (the same as the number of features) to two

in order to visualize each data point in a two-dimensional space.19

2.2.4 | Machine learning analysis

Once the data were prepared in this way, we used it as input to a

.26 The random forest al-

supervised algorithm, the random fores
gorithm was selected as it combines the power of ensemble clas-
sifiers (a collection of classifiers) with the explanatory power of
these classifiers. We used Python as the programming language and
SciPy as the implementation of the random forest algorithm. The
algorithm was configured to use maximum of 150 trees of the maxi-
mum number of leaf nodes of 10. We used a standard split of 0.33,
between the training and validation data. We used class weights as
the method for balancing the labelled data: 0.66 for DCI and 0.34
for non-DCI (based on the number of DCl/non-DCI periods in the
data set).

To evaluate the resulting model, we calculated the following
standard machine learning performance metrics: accuracy, preci-

sion (specificity), recall (sensitivity), F1-score, Matthews Correlation

TABLE 3 Parameters in each step of the data analysis flow

Values used

Values considered

Description

Parameter

Step

10 data points

3, 5, 10 data points

When removing the outliers, we used the moving average. The size of

Window size

Data preparation

the window lets us choose how smooth the resulting curve is

Slope

Mean, curve slope, standard deviation

To cluster the RR series, features of the RR curve were identified. In the

Type of feature extraction

Feature extraction

algorithm, the parameters of the curve were extracted to decrease
the variability in the data, and to capture its characteristics. It is

based on a modified approach of Megjhani et al:Z

60 min

1, 30, 60 min

For extracting the features, periods were taken from the series, such as

Featurization period

Feature extraction

the mean value of RR for that period.

00:00 h

00:00 h

As patients’ data can start at different times of day, data from the same

Timestamp to align

Alignment

periods were clustered to align the series (example: 1-2 am, 2-3 am)

12h

12,24 h

When clustering the data, we use feature vectors of a defined size. This

Comparison period

Vectorization

parameter controls the size of the vectors, which in turn controls

how long the comparison period is compared (in combination with

the featurization period parameter)
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Coefficient (MCC), area under curve (AUC), and ROC as well as the
positive predictive value and false discovery rate for DCI detection.
Table 3 presents the parameters used in the study, their explana-

tions, and values chosen.

3 | RESULTS

Collection of HRV data failed in 9 out of the 64 patients from the
original study, thus, only 55 patients were included in this sub-study.
Further evaluation of different parameters was done excluding 19
more patients due to an uncertain onset of DCI. A total of 36 pa-
tients were included in the analysis of data, all of which could be
clearly labelled as to whether DCI developed (n = 12) or not.

After data cleaning, feature extraction, and labeling, we had 420
data points, each of which was a 12-h period for one patient. The
number of data points per patient varied as the recording time varied
for each patient =167 and 253 of the 420 data points represented
DCl resp non-DCI.

Figure 1 shows the distribution of the data points. The blue color
indicates the data points in which no DCI was detected, while the
red ones represent the data points in which DCI was detected. The
proximity of the blue and red points indicates that the feature vec-
tors of the DCI and non-DCl data points are not very different.

To evaluate the performance of the random forest classifier,

we set aside 33% of the data points using stratified sampling—we

trained the algorithm on 67% of the data and used the remaining
33% for the validation. This validation data set contained 55 data
points labelled as DCI and 84 non-DCI data points. The random for-
est classifier identified 71% of the DCI labelled data points in this
validation dataset; hence, it had good sensitivity. However, the spec-
ificity was only 57%, as several non-DCI periods were classified as
having DCI, giving the F1-score of 60%. The true positive rate was
71% (71% of the DCI periods were correctly identified by the ran-
dom forest classifier) and the false positive rate was 43% (43% of
non-DCI periods were falsely classified as DCI periods). The posi-
tive predictive value, the precision, was 52% with a false discovery
rate of 48%. The accuracy of the algorithm was 63%, meaning that
63% of the periods were correctly assigned to the DCI or non-DCI
group. Finally, the overall measure of performance, the MCC was
0.28, meaning that the model was better than chance (0.0), but not
perfect (1.0) and identified more cases correctly than incorrectly
(positive value of the coefficient).

The receiver operation characteristic curve is presented in
Figure 2.

We found two motivating examples, where an immediate ocu-
lar analysis indicated that there were differences in the pattern of
heart variability between patients developing DCI and those who
did not. In patients with DCI, the RR generally has a lower value, and
the HRV decreases over time. Although such motivating examples
are essential in the communication between clinicians and data sci-

entists, the challenge in constructing the software based on these
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Receiver operating characteristic example

—— ROC curve for label Non-DCI
—— ROC curve for label DCI

1.01

True Positive Rate

0.4

0.6 0.8 1.0

False Positive Rate

FIGURE 2 ROC and AUC for the analysis of the HRV data from the pilot patients. AUC was 0.74 with confidence interval 0.63-
0.78, for DCl and non-DCI. AUC, area under curve; DCI, delayed cerebral ischemia; HRV, heart rate variability; ROC, receiver operating

characteristics

data relies on the automated machine learning algorithms’ ability to
capture and correctly interpret data and other patterns (Figure 3).
Furthermore, Figure 1 reveals that such distinct motivating exam-

ples are not common.

4 | DISCUSSION

In this pilot study of SAH patients, we aimed to investigate the pos-
sibility of detecting DCI with artificial intelligence applied to HRV
raw data. The overall objective of this study was to assess whether it
was at all possible, to find HRV patterns that define, and are typical
for, DCI. This should be regarded as a first step, to evaluate whether
machine learning algorithms can be used to create a warning system
that can identify upcoming cerebral ischemia. The proposed model
showed acceptable sensitivity (71%) with a lower specificity (57%).
This is promising, but more data need to be allocated and processed
to enhance the model's sensitivity and specificity. The t-SNE trans-
formation and visualization showed that the data points were close
to each other regardless of the class, implying that the feature vec-
tors were similar.

When analyzing the data, we developed several prototypes in
the Python and SciPy programming environment. The environment
showed the feasibility of our data analysis workflow and presented

several challenges that needed to be addressed. The first challenge
encountered was the poor quality of the data extracted, in the form
of an RR curve, from a software tool linked to the sensors. The
sensors were quite unreliable, causing data quality to suffer. Data
cleaning was done, and analysis was performed thereafter; how-
ever, challenges related to the clinical aspects were also discovered.
Data were only collected from patients with aSAH, signifying that all
patients had a cerebral injury. Reference data from healthy, normal
individuals were not available. Aside from this, collected data from
different clinical situations, such as sedated or anesthetized patients
as well as patients undergoing interventions or surgery, had to be
analyzed with reference to patient's status at each corresponding
time to be able to teach the algorithms how the HRV pattern looks
like when the patient is awake, asleep, sedated, and when patients
have neurological deficits.

In the area of cerebral ischemia prediction, studies have shown
that advances in machine learning and computational methods could
be of value.>?® However, these advances in technology are shown
on a small scale and are still years away from wide-scale adoption.?*
Ramos et al.’ analyzed 317 patients using features such as total
blood volume, age, time from ictus to CT, and images from CT scans.
The achieved results were 0.68 AUC without the use of CT images as
predictors and 0.74 with the use of CT images.20 studied 10,401 ep-
isodes and used more advanced machine learning methods to detect
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(A)
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—— RR: moving average: 30
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non-DClI
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100000
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DCl

FIGURE 3 HRV displayed as the RR interval over time (approximately 48 h) from a patient without cerebral ischemia (A) and from a
patient who developed DCI (delayed cerebral ischemia) (B). Both series have been cleaned from noise (i.e., after the data preparation phase).
The signals were aligned at 00:00:00 h to factor in the natural daily activity and nightly rest. In the DCI patient, the variability in the heart
rate is decreased. DCI, delayed cerebral ischemia; HRV, heart rate variability

several diseases.?? They achieved an AUC of up to 0.86 when using
an ensemble of machine learning algorithms—LSTM/long-short term
memory and MLP/multilayer perceptron. However, predicting DCI
was not part of their study, and the development of a monitoring
system capable of detecting rather than predicting cerebral ischemia
would be of tremendous value in several patient categories.

In this study, we explored the use of machine learning technology
to detect the development of DCI in patients after SAH using con-
tinuously collected HRV data. To be able to detect upcoming DCI,
in order to intervene and prevent permanent cerebral injury, this is
important especially in patients who are unconscious or sedated.
Compared to other approaches, the novelty of our study is that we

aimed to use only the HRV signals for detection together with the
potential use of patient metadata (e.g., age and demographics) as
secondary data to strengthen or weaken the diagnosis of imminent
cerebral ischemia. This approach has high potential because it does
not require invasive methods or frequent imaging scans. The method
showed that 71% of the true DCI data points were identified (true
positive rate) and that attending physicians will encounter a false pos-
itive warning signal in 48% of the data points (false discovery rate).
Even though the results from this study indicate that the method has
potential for detection of DCI, the specificity and sensitivity need to
be improved in order to be of interest for clinical use. An acceptable
sensitivity in the clinical setting can however also be discussed since
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the primary role of the technology is to generate an alarm, indicating
that the clinician needs to react and initiate further investigations.

This study has several limitations. First, since we used HRV data
from a previous study intended for intermittent data analysis, the
design was not optimal concerning identification of clinical events
and confounding factors when machine learning was applied to con-
tinuously collected HRV data retrospectively. Consequently, not all
possible factors influencing HRV were recorded in detail; hence,
they were not coupled to events in the HRV recordings. The original
study was designed only for intermittent analysis related to short
periods with limited amount of noise and activity. It was thus diffi-
cult to distinguish changes in patterns due to patient activities, noise,
sedation, and other pathological events. In our model, DCl was iden-
tified in too many patients, resulting in lower specificity. In part, this
may be explained by the fact that even in patients without DCI, HRV
changes may occur for other reasons. Furthermore, the method used
cannot exclude effects of drugs or other specific treatments. In our
patients, the use of norepinephrine, also seen in patients without
DClI, as well as the periodic use of non-invasive ventilation affecting
respiratory parameters in patients with high levels of FiO,, may have
influenced the HRV signals. It is also a fact that patients developing
DCl had higher WFNS grade with a more severe hemorrhage, factors
that cannot be separated in this relatively small study. Consequently,
more data on changes in HRV related to other events will be needed
to calibrate the model further as well as data from other groups of
patients to train the machine learning algorithms in order to increase
the specificity.

Since the overall aim was to explore whether differences could
be found between patients developing DCI compared to those not
developing DCI during the study period, we decided to label all time
periods DCI or non-DCI, even though all time periods in the DCI
group were probably not representative for DCI. This could have in-
fluenced the results regarding sensitivity and specificity. We believe
however that it is also a strength not to have cleaned data further
and excluded more time periods since noise and confounders will
be present even in real clinical situations. Despite this, we present
acceptable performance of the machine learning algorithm.

Furthermore, this study used a special equipment (eMotion-LAB
Mega Electronics Ltd., together with the Kubios software) to collect
HRV data, such as the RR intervals. These sensors are sensitive to
movements, and the contact may be lost for periods. The ordinary
ECG signal from the general monitoring system is probably more ro-
bust and may be a better source for HRV analysis.

Finally, we also found out that we need to prepare a better tech-
nical infrastructure for future studies where full traceability can be
maintained in the data. We need to find a way of securing the time-
stamp when the DCl occurs to increase the granularity of data label-
ling (distinguish between pre- and post-DCI periods from the same
patient). Furthermore, understanding the semantics of data by soft-
ware engineers is crucial for the choice of algorithms and analysis
methods. The development of a robust method for detection of DCI
will require close collaboration between a software engineer and a

physician. The role of the physician is to identify different clinical

events that occur during clinical practice for the software engineer
to be able to separate noise from valid data points.

During this study, we observed that successful adoption of ar-
tificial intelligence (Al) in medicine requires close collaboration be-
tween computer scientists and medical specialists. Al and machine
learning have quickly become a subject of great interest in the field
of medicine. Several clinical studies have provided evidence that it
is possible to solve specific problems with machine learning; how-
ever, almost all report the need for broader evaluation to increase
the maturity, accuracy, and reliability of the technology.23 The
major hurdle in broader adoption is the need for longitudinal and
extensive collaboration between software engineers and medical
specialists to design high-quality studies that can be used to de-
velop reliable software systems that support clinical practices.?*
Understanding the process of making a diagnosis is essential for
the computer scientists to understand what is important when
deciding whether a patient suffers from DCI or not. Linking the
factors considered by physicians to the patterns in the HRV data
is also crucial for choosing the right analysis algorithm. In our case,
we found that a lower HRV over a period (compared to the average
HRV) can be a pattern to search for during analysis. Moreover, for
medical specialists, understanding the analysis algorithms is es-
sential as it provides insights into how the data are processed and
whether the results are reliable, making cross-disciplinary collabo-
ration essential.

Based on these experiences, we believe that further clinical
studies need to be designed to achieve a reliable system for the de-
tection of incipient DCl using HRV. Clinical studies are needed to ob-
tain HRV data from patients with established cerebral ischemia or at
risk of cerebral ischemia as well as patients having similar patterns,
so that algorithms may be trained to recognize these patterns. Based
on the experiences gathered in this pilot study, we designed a study
for the allocation of more specific data in patients with imminent
cerebral ischemia in order to increase its specificity in the identifica-
tion of cerebral ischemia.?’

5 | CONCLUSION

In this study, we investigated whether DCI can be detected in pa-
tients with aSAH admitted to the NICU and if HRV patterns that
define, and are typical for, DCI could be identified. Our goal was also
to understand the accuracy of the diagnosis in the presence of a
single data source, HRV data (RR time series). We utilized a machine
learning algorithm, random forest, which provided promising results
(accuracy: 63%, specificity: 57%, and sensitivity: 71%). These find-
ings offer support for clinicians in identifying DCI using non-invasive
procedures, further reducing the time to diagnosis, hence benefiting
patients.

This study opens new ways in the research linking HRV and
DCI and demonstrates the possibility of detecting DCI after aSAH.
However, further studies are needed to obtain high-quality data.
Future studies should focus on developing a robust method for
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detecting DCI using real-time HRV data and exploring the limits of

this technology in terms of its reliability and accuracy.
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