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Abstract: Statins are widely used as an effective therapy for ischemic vascular disorders and employed for primary and secondary prevention in cardiac and cerebrovascular diseases. Their hemostatic mechanism has also been shown to induce changes in cerebral blood flow that may result
in neurocognitive improvement in subjects with Major Depressive Disorder. Behavioral data, various blood tests, and resting-state brain perfusion data were obtained at the start of this study and
three months post-therapy from a small cohort of participants diagnosed with Major Depressive
Disorder. Subjects received either rosuvastatin (10 mg) or placebo with their standard selective
serotonin reuptake inhibitors therapy. At the end of the study, patients using rosuvastatin reported
more positive mood changes than placebo users. However, standard statistical tests revealed no
significant differences in any non-behavioral variables before and after the study. In contrast, feature
selection techniques allowed identifying a small set of variables that may be affected by statin use
and contribute to mood improvement. Classification models built to assess the distinguishability
between the two groups showed an accuracy higher than 85% using only five selected features: two
peripheral platelet activation markers, perfusion abnormality in the left inferior temporal gyrus,
Attention Switching Task Reaction latency, and serum phosphorus levels. Thus, using machine
learning tools, we could identify factors that may be causing self-reported mood improvement in
patients due to statin use, possibly suggesting a regulatory role of statins in the pathogenesis of
clinical depression.
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1. Introduction
Statins are a group of medications that help reduce cholesterol production in the liver
by inhibiting the hydroxy-3 methyl-glutaryl-coenzyme A (HMG-CoA) reductase protein.
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As a result of their role in regulating cholesterol synthesis and cellular cholesterol homeostasis, they are widely employed as medications for dyslipidemia and cardiovascular
diseases. Statins are also being explored as a secondary treatment for stroke [1–3]; they have
shown to enhance regional cerebral blood flow (rCBF) [4] and to have anti-inflammatory
properties [5]. Major depressive disorder (MDD) has been shown to present impairments
in rCBF where recovery reflects an increase in some brain regions and a diminution in
others [6–10]. Furthermore, vascular diseases appear to influence symptoms and progression in MDD [11]. There is also evidence suggesting the involvement of inflammation
in depressive disorders [12]. Consequently, statins are also being studied as a potential
treatment for MDD [13].
According to the World Health Organization (WHO), depressive disorders affect
over 300 million people, making up 4.4% of the world’s population, with the numbers
increasing every year. Moreover, it often occurs as a comorbidity in other illnesses such as
diabetes, cardiovascular disease, and stroke [14]. Effective treatments currently include
psychological therapies or anti-depressant medication (tricyclic anti-depressants, selective
serotonin reuptake inhibitors (SSRIs), and norepinephrine reuptake inhibitors). SSRIs
exert their anti-depressant effect by regulating several molecular and signaling pathways
in astrocytes [15]. Anti-depressants, while effective, can show possible adverse effects.
Moreover, it is common for 50 to 60% of the patients receiving them to be treatmentresistant [16–18]. Hence, new biomarkers [19–23], including neuroimaging, as well as new
pharmacological interventions [24], such as statins [25,26], are being tested.
While there is evidence that simvastatin, used as a hypolipemiant, slightly increases
negative mood in non-depressed individuals [27,28], it was also shown to alleviate depression symptoms after 12 weeks in treatment-resistant MDD patients when administered
along with their usual treatment [13]. Notably, a systematic review and meta-analysis evaluated ten studies to conclude that statins had no significant effect on mood in non-depressed
subjects while improving depressive symptoms in clinically depressed individuals [29].
Another meta-analysis evaluating three large studies suggested that adding statins to ongoing treatment could improve depressive symptoms [30]. Statins used as hypolipemiant
in primary and secondary prevention have demonstrated some controversial results in
patients with depression or anxiety [31–33]. Recent experimental animal results demonstrate the involvement of agmatine and imidazoline receptors in the antidepressant-like
effect of statins, suggesting a potential target for MDD therapy [34]. Furthermore, diverse
new approaches for MDD mechanisms and therapy are being developed [35]. Yet, more
studies are needed to solidify the role of statins in elevating mood in subjects with MDD,
especially focusing on the underlying mechanism of their mood-improving effect.
In this study, we not only attempt testing rosuvastatin’s effect, a statin medication,
on the mood of patients with MDD, but also studying the medication’s action on rCBF
and its effect on cognitive performance, platelet activation, and endothelial dysfunction as
well as on inflammatory and oxidative stress. To this aim, resting-state perfusion levels for
various brain regions, several blood tests, and circulating biomarkers were obtained for
a limited number of subjects, leading to a dataset with 160 variables. Such datasets, i.e.,
high-dimension low-sample size (HDLSS), are very common in clinical settings [36], [37]
and are known to present several statistical challenges [38–41]. Machine learning (ML)
techniques offer several tools to handle these challenges and have been used extensively
for high-dimensionality problems [42–47]. When the sample size is small, feature selection
is a crucial data preprocessing step that allows choosing the variables that contribute the
most to the target effect while minimizing possible redundancies. Moreover, it enables
improving the accuracy of ML classifiers [48].
In this study, we apply feature selection techniques followed by ML classifiers and
identify variables that may be affected by rosuvastatin usage and might be able to explain
its effect on mood.
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2. Materials and Methods
2.1. Participants
Thirty-six patients diagnosed with MDD (through a structured interview by a psychiatrist using DSM IV criteria and a score ≥ 14 on the 17-item Hamilton Depression
Rating Scale (HAM-D)) were recruited for the study. One female participant was excluded
due to pregnancy during the follow-up. Three participants did not begin therapy due to
subclinical hypothyroidism and were sent to endocrinology; 11 additional participants did
not complete the treatment and/or did not appear for a follow-up at the end of the study
after three months. Thus, the final subject cohort had 21 participants (59% females; median
age 34 years). Participants were assigned to two experimental groups: one received 10 mg
of rosuvastatin (n = 11), and the other received placebo (n = 10). The assignment was done
using the block randomization method to enforce a balance in each therapeutic group’s
number of patients. All subjects simultaneously received standard SSRI therapy throughout the study and were free of any other specific anti-depressant therapy. Participants
were not substance abusers and did not present any other psychiatric comorbidities, which
was determined by a psychiatrist through a structured interview using DSM IV criteria. A
summary of the characteristics of the participants is presented in Table 1.
Table 1. Characteristics of the participants.
Characteristic (Units)

Average (Range)

Age (years)
Education (years)
Body Mass Index (kg/m2 )
HamD 17
Beck score
Thyroid-Stimulating Hormone (µU/mL)
Total Cholesterol (mg/dL)
Triglycerides (mg/dL)
High-Density Lipoproteins (mg/dL)
Low-Density Lipoproteins (mg/dL)
Glycemia (mg/dL)
C Reactive Protein (µg/mL)
Erythrocyte Sedimentation Rate (mm/h)

34 (23–49)
16 (12–21)
27 (18–49)
24 (14–40)
30 (12–46)
2.5 (1.0–7.5)
175 (128–229)
102 (43–249)
56 (23–85)
100 (56–144)
89 (72–206)
2.5 (0–19.8)
9 (2–28)

2.2. Experimental Procedure
Prior to any test or intervention and before being evaluated for the study’s inclusion
criteria, all participants signed a written informed consent approved by the University of
Chile Clinical Hospital Scientific Ethical Committee (Acta 019/2016). Data were collected
at the beginning of the study and then again at the end of the study (see Figure 1).
Participants provided behavioral and mood information through 3 clinical questionnaires: the HAM-D Scale [49] with 17 and 21 items, administered by a psychiatrist, and
the self-reported Beck Depression Inventory-II (BDI-II) [50]. Additionally, neurocognitive
parameters, including working memory, attention, information processing, reaction time,
social and emotion recognition, and decision-making, were evaluated for all subjects using
the commercial Cambridge Neuropsychological Test Automated Battery (CANTAB).
Blood samples were also collected from all subjects for a metabolic panel, a complete
blood count (CBC), erythrocyte sedimentation rate (ESR), lipid profiles, thyroid function
test, and activation of hemostasis and inflammation plasma markers. This included assessing platelet activation by measuring plasma levels of soluble CD40 ligand (sCD40L),
Regulated upon Activation, Normal T Cell Expressed and Presumably Secreted (RANTES),
Neutrophil-Activating Peptide-2 (NAP-2), and P-Selectin using commercial reagents and
standards and the Enzyme-Linked Immunosorbent Assay (ELISA) kit. Levels of circulating
endothelial cells (CECs) and soluble plasma markers were measured for evaluating endothelial dysfunction. CECs were isolated from peripheral blood using immunomagnetic
beads coated with anti-CD146, stained for CD45 and Ulex Europaeus lectin, and counted
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TP+
+ TN
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TP
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TP
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FN
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√
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3. Results
No serious adverse effects were observed in participants with rosuvastatin use. A
Sidak’s multiple comparisons test (Table 3) revealed significant differences between HAMD ratings collected at the start of the study and after three months for both groups. On
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the other hand, the difference between BDI-II ratings at the beginning and the end of
the study were only significant for the statin group. The BDI-II ratings for the statin
group significantly decreased compared to their initial values (p < 0.0001), suggesting
improvement in perceived mood due to stain use. No significant difference in BDI-II
ratings before and after placebo administration was observed.
Table 3. Statistical differences in mood before and after the study.
Sidak’s Multiple Comparison Test
Rosuvastatin
HAM21 Before vs. HAM21 After
HAM17 Before vs. HAM17 After
BDI-II Before vs.
BDI-II After
Placebo
HAM21 Before vs. HAM21 After
HAM17 Before vs. HAM17 After
BDI-II Before vs.
BDI-II After

Adjusted p Value

95% Confidence Interval

0.0036
0.0006

2.693–29.31
3.963–28.04

<0.0001

9.508–33.58

0.0025
0.0128

3.026–29.64
1.375–26.62

0.251

−1.025–24.22

The variable with the highest percentage of missing data was the ∆ of urea levels in the
blood with 28.6%, while 4.8% of the data was missing for ∆ variables with information of
levels of lactate dehydrogenase, alkaline phosphatase, total bilirubin, total protein, albumin,
blood urea nitrogen (BUN), uric acid, calcium, and phosphorous in the blood, and from
∆ variables of MDA, IL-6, TNFα, and Rho-kinase activity factors from hemostasis data.
Meanwhile, 9.5% of data was missing from levels of glycemia and 4 CANTAB variables, all
from the spatial span (longest sequence recalled by subject) or spatial working memory
tasks. The rest of the CANTAB variables had 4.8% of data missing. All perfusion data,
absolute and “abnormal”, had no missing data.
Multiple comparison tests revealed no significant differences in any non-behavioral
variables before and after the study in either group. In contrast, feature selection techniques
ranked several notable non-behavioral variables as the ones that changed most differently
after three months due to statin use compared to placebo. The five features selected by the
mRMR and ReliefF algorithms are shown in Table 4.
Table 4. Five most distinct placebo vs. rosuvastatin non-behavioral features selected by the two feature selection techniques.
mRMR

ReliefF (k = 3)

∆ Variable

Variable Type

∆ Variable

Variable Type

Perfusion Abnormality in Left
Middle Temporal Gyrus

Perfusion Abnormality

sCD40L

Platelet Activation Marker

Perfusion Abnormality in Left
Temporal Pole

Perfusion Abnormality

NAP-2

Platelet Activation Marker

Perfusion Abnormality in
Right Brodmann Area (BA) 6

Perfusion Abnormality

Perfusion Abnormality in Left
Inferior Temporal Gyrus

Perfusion Abnormality

Perfusion Abnormality in
Right BA 23

Perfusion Abnormality

ASTLCMD

CANTAB: attention task

Thyroid-Stimulating
Hormone (TSH)

Functional Blood Test

Phosphorus

Metabolic Blood Test

According to the mRMR algorithm, the top five features that contributed to the
distinction of the two groups included perfusion abnormality in left middle temporal
gyrus, perfusion abnormality in the left temporal pole, perfusion abnormality in the right
Brodmann Area (BA) 6 located in the frontal lobe, perfusion abnormality in right BA

Perfusion Abnormality in Left Temporal
Pole
Perfusion Abnormality in Right
Brodmann Area (BA) 6

Perfusion AbPlatelet Activation
NAP-2
normality
Marker
Perfusion Ab- Perfusion Abnormality in Left Infe- Perfusion Abnornormality
rior Temporal Gyrus
mality
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Perfusion AbCANTAB: attenPerfusion Abnormality in Right BA 23
ASTLCMD
normality
tion task
Functional Blood
Metabolic Blood
Thyroid-Stimulating Hormone (TSH)
Phosphorus
Test
23 located in the medial region of the posterior cingulate gyrus, andTest
plasmatic levels of
thyroid-stimulating hormone (TSH).
According
theother
mRMR
algorithm,
the top
five features
that contributed
the dis-levels of
Ontothe
hand,
the features
chosen
by the ReliefF
algorithm to
included
tinction of
the two
groups
included
perfusionplatelet
abnormality
in left
middle perfusion
temporal gyrus,
sCD40L
and
NAP-2
(both peripheral
activation
markers),
abnormality in
perfusion
abnormality
the left gyrus,
temporal
pole, perfusion
abnormality
themeasures
right Brodthe
left inferiorin
temporal
ASTLCMD
(a CANTAB
variablein
that
the median
mann Area
(BA)
6
located
in
the
frontal
lobe,
perfusion
abnormality
in
right
BA
23
located
latency of response from stimulus appearance to button press in the system’s attention
in the medial
regiontask),
of the
posterior
cingulate gyrus,
and plasmatic levels of thyroid-stimswitching
and
serum phosphorus
levels.
ulating hormone
The (TSH).
highest average accuracy obtained by training classifiers over 20 iterations with
On the mRMR
other hand,
the features
chosen
by the
ReliefF
algorithm
levels
of
algorithm’s
selected
features
was
78.33%
with theincluded
coarse tree
classifier.
The
sCD40L confusion
and NAP-2
(bothand
peripheral
platelet
activation
markers),
perfusion
abnormality
matrix
the ROC
curve (AUC
value
= 0.75) for
one of the
20 iterations of the
in the leftcoarse
inferior
temporal
ASTLCMD
(a4a,b,
CANTAB
variableThis
thatiteration
measures
thethe
me-closest to
tree
classifiergyrus,
is shown
in Figure
respectively.
was
dian latency
of response
fromofstimulus
appearance
buttonAdditionally,
press in the the
system’s
atten-values of
the average
in terms
its accuracy
value of to
76.19%.
percentage
sensitivity,
FOR,
and MCC for this iteration are shown in Table 5.
tion switching
task),specificity,
and serumprecision,
phosphorus
levels.
Finally,
the highest
by classifiers
training the
2520
different
classifiers
over
The highest
average
accuracyaccuracy
obtainedobtained
by training
over
iterations
with
20 iterations
with
the features
selected
by the ReliefF
algorithm
wasclassifier.
86.67%. The
the mRMR
algorithm’s
selected
features
was 78.33%
with the
coarse tree
Theclassifier
that
reported
accuracy
was
the weighted
KNN
The
forofthe
confusion
matrix
and this
the ROC
curve
(AUC
value = 0.75)
forclassifier.
one of the
20iteration
iterations
theweighted
KNN
classifier
closest in
to the
average
value
an accuracy
of 85.71%,
confusion
coarse tree
classifier
is shown
Figures
4a and
4b,had
respectively.
This
iterationand
wasitsthe
matrix
with
the
ROC
curve
(AUC
value
=
0.93)
are
shown
in
Figure
4c,d,
respectively.
closest to the average in terms of its accuracy value of 76.19%. Additionally, the percentValues
for other specificity,
parametersprecision,
evaluating
classification
performance
including
sensitivity,
age values
of sensitivity,
FOR,
and MCC for
this iteration
are shown
specificity,
precision,
FOR,
and
MCC
for
this
particular
iteration
are
also
reported
in Table 5.
in Table 5.
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Table 5. Performances of classifiers built with features selected through both techniques.

Performance Index
Accuracy

Classifier Built with mRMR Classifier Built with ReliefF
Features
Features
76.19%
85.71%
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Table 5. Performances of classifiers built with features selected through both techniques.
Performance Index
Accuracy
Sensitivity
Specificity
Precision
FOR
MCC

Classifier Built with mRMR
Features

Classifier Built with ReliefF
Features

76.19%
(average 78.33%)
70.0%
81.82%
77.78%
25.0%
+0.52

85.71%
(average 86.67%)
90.0%
81.82%
81.82%
10.0%
+0.72

Values for different performance metrics for the best classifiers built using features selected by minimum redundancy maximum relevance (mRMR) and ReliefF feature selection techniques are shown. Values are for the
iteration closest to the average value of all 20 iterations.

4. Discussion
4.1. Related Work
Rosuvastatin is a widely employed statin in clinical practice with particularly strong
inhibitory effects on hepatic cholesterol synthesis. Its effects are comparable to other
statins in reducing cholesterol levels and diminishing atherothrombotic events [67,68]. Of
all statin drugs employed in the current practice, rosuvastatin and fluvastatin are more
hydrophilic than other statins such as atorvastatin, lovastatin, and simvastatin, which
are lipophilic. It is yet not clear whether hydrophilic or lipophilic statins could have a
greater effect on depression based on their ability to cross the blood-brain barrier easily
or not, respectively [69]. However, recent work demonstrated no difference in the risk of
depression when comparing hydrophilic and lipophilic statin compounds [70], suggesting
that the actions could be at peripheral levels, independent of their brain affinity.
In general, statins present diverse immunomodulating anti-inflammatory effects in
animal models. These effects could be relevant not only at the cardiometabolic level but
also at the central nervous system and the immune system levels. Various neurobiological
effects on factors including glucocorticoids, serotonin, glutamatergic N-methyl-D-aspartate
(NMDA) receptors, BDNF, and dopamine receptors have been reported due to statin use,
which may be related to the response in MDD patients with statin use [69]. Different
studies using lovastatin, simvastatin, and atorvastatin compared to placebo have safely
demonstrated their positive effects on depressive symptoms [71–73]. A recent multicenter study in younger depressive adults (15–25 years) under SSRIs therapy reported that
rosuvastatin was more effective than aspirin in improving secondary outcomes on the
Montgomery–Åsberg Depression Rating Scale at week 12 [74,75]. Still, systematic reviews
necessitate improvement of the evidence with larger randomized trials [69].
In the already mentioned studies, attempts at understanding whether statins can help
improve mood were mainly undertaken. In this work, we not only evaluate mood changes,
but also test to see if rosuvastatin caused any additional changes in rCBF, peripheral
endothelial dysfunction, or inflammation to have a better approach to the underlying
pathophysiological mechanisms involved in MDD.
4.2. Mood Improvement
Our results support the hypothesis that rosuvastatin administration will help improve
mood in patients diagnosed with Major Depressive Disorder (MDD) compared to placebo.
According to both HAM-D scales, baseline mood improved significantly after three months
for both placebo and rosuvastatin groups. It is important to say that since there was a
comparable improvement in mood in both groups, and considering the small n of the
study, no significant differences were found in HAM-D scores after the study between the
two groups. The average HAM-D scores for the rosuvastatin group were observed to be
improved more than the placebo group after three months of administration.
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On the other hand, significant differences in BDI-II scores before and after the study
were only found in the rosuvastatin group. The global mood improvement may be explained by the fact that subjects were being treated simultaneously with SSRIs on standard
doses. Then again, the differences in results for the BDI-II scores may be due to rosuvastatin
action. Here, it is worth noting that while HAM-D questionnaires are handled by professionals, BDI-II is a self-reported questionnaire. The differences in the BDI-II scores between
placebo and rosuvastatin groups mean that the subjects’ own perception of mood was
different between groups especially considering that all participants were blinded to the
kind of extra medication they received. It can be argued that the significant improvement
in the self-reported BDI-II scores of participants in the rosuvastatin group may be pointing
at its effect of improving an individual’s own perceived mood. This effect failed to manifest
in our cohort of placebo-administered subjects. These results support previous works that
demonstrate statins’ ability to improve mood in depressed cohorts.
4.3. Feature Selection
For the second part of the study, we took an exploratory approach to identify what
factors may be contributing to rosuvastatin’s action of mood improvement. As previously
mentioned, statins have been shown to bring changes in inflammatory responses and in
rCBF. To further test the involvement of these factors narrowed down to their components
becomes especially important. As a result, we compiled a large amount of information
pertaining to these changes. We collected resting-state perfusion data from 45 distinct
brain regions, including major gyri in the four major gyri as well as 32 different Brodmann
Areas (BA) known to be affected in MDD. In parallel, we performed extensive blood tests
to evaluate several circulating markers of inflammation and hemostasis in addition to
other standard blood tests. We also tested the subjects’ cognitive abilities before and after
the study. Using the CANTAB test, we could curate scores representing a wide range of
cognitive abilities such as attention, emotional processing, planning, visual processing,
verbal memory, and spatial working memory. Using proven tools to handle a large number
of variables for a relatively small study cohort, we identified ten unique variables (Table 4)
that contributed the most to the differences between both groups.
Initially, both the mRMR and ReliefF techniques identified LDL cholesterol levels in
the blood as the most distinct feature between groups. The ReliefF algorithm also identified
total cholesterol level as the fourth most distinct feature. This can be expected due to
rosuvastatin’s target application. Statins are prescribed not only due to their action on
hyperlipemia and cholesterol production but also due to their role in diminishing cardiovascular events and stroke. As mentioned in the Results section, due to the expected action
of stain use, these factors were excluded a priori, and the best five features were selected
after this exclusion. Thus, the most distinct features between groups correspond to rCBF
abnormalities in the left temporal lobe, and right BA 6 and right BA 23. Along with perfusion abnormalities in these regions, we found distinct changes between groups in levels
of phosphorous and thyroid-stimulating hormone (THS), as well as circulating inflammatory markers such as NAP-2 and sCD40L. Notably, the median latency of response (from
stimulus appearance to button press) on congruent trials measured through the CANTAB
environment’s attention switching task was also found to be distinct between groups.
Feature selection tools provide information about the differences between groups, but
they do not indicate the direction of these differences. Our analyses observed that there
were no significant statistical differences between groups in any of the ∆ variables. Even so,
it is relevant to consider the average ∆ values for both groups to understand the “direction”
of the change occurring in these features for both groups. The perfusion “abnormality”
in the left temporal pole decreased in the rosuvastatin group but increased in the placebo
group. On the other hand, perfusion abnormalities increased in both the left middle and
inferior temporal gyri as well as BA 6 in the rosuvastatin group, while it decreased in the
placebo group. Additionally, perfusion abnormality in BA 23 increased in both groups but
more in the placebo group. In one of our previous studies published recently, a significant
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association between endothelial dysfunction markers and changes in rCBF was observed
in another group of MDD patients not taking any specific medication [76]. This suggests
that the systematic damage or activation of the endothelium may be contributing to the
observed perfusion abnormality.
Interestingly, TSH levels in the blood decreased in the rosuvastatin group, while they
increased in the placebo group. The same was observed for phosphorous levels in the
blood. The significance of this non-metal element in the pathophysiology of MDD is not yet
clear. However, it may be related to the calcium-phosphorus homeostasis and Vitamin D
metabolism involved in abnormal parathyroid function observed in mood disorders [77,78].
Moreover, levels of sCD40L decreased for the rosuvastatin group and increased for the
placebo group. On the other hand, levels of NAP-2 decreased for both groups, with a
larger decrease in the rosuvastatin group. Finally, the response latency during an attention
switching task measured by the CANTAB software increased after rosuvastatin intake. On
the other hand, the same metric in the placebo cohort decreased.
4.4. ML Classification
The classifiers trained using the best five features selected by each feature selection
technique provided high accuracy values (78.33% and 85.71%). A higher accuracy of the
classifier means a higher distinguishability between groups for the features used. Different
classifier types trained with these features had high accuracy values. This may be pointing
at these features’ possible roles in the mechanism of rosuvastatin’s observed effect on mood.
The accuracy value may not always be a complete indicator of the classifier’s performance.
Hence, we also calculated other parameters for the classifiers. For classifiers using both
feature groups, we obtained high values of sensitivity, specificity, and precision, as can be
seen in Table 5. On the other hand, FOR values are ideally as low as possible. Both our
classifiers obtained sufficiently low FOR values (25% and 10%). Finally, MCC values are
between −1 and 1, with 1 representing perfect classification, 0 representing randomness,
and −1 representing complement disagreement between observations and predictions.
MCC values are computed to represent a balance between TP, TN, FP, and FN values to
ensure the classifier is not biased toward only one of the classes. Our classifiers obtained
decent values of +0.52 and +0.72, further consolidating the respectable performance of
our classifiers.
5. Conclusions
The present study shows that rosuvastatin may be contributing to the mood improvement in depressed participants, especially enhancing their own mood perception. Due to
the low power of the dataset, classical statistics were not successful in discerning the subtle
changes brought on by rosuvastatin. This was especially true for its effect on cholesterol
levels; no significant statistical differences in LDL or total cholesterol levels were observed
between the rosuvastatin and placebo groups despite rosuvastatin being widely used as a
cholesterol-reducing medication. In contrast, differences in LDL cholesterol levels between
groups were very clearly captured by the ML-based feature selection methods. The role of
rosuvastatin on certain brain perfusion changes, in diminishing platelet activation, and
changes in neurocognitive parameters was also identified by the combination of feature
selection techniques and ML classifiers. These results demonstrate the efficacy of ML tools,
especially for clinical HDLSS datasets.
A larger sample size may result in a higher power and possible significant statistical
differences, presenting a clearer picture of the underlying mechanism for rosuvastatin’s
positive effect on mood. Hence, larger studies are needed to establish these results further.
Meanwhile, for studies with limited subject recruitment, ML is a powerful tool that aids in
discovering subtle but crucial experimental effects. This makes the data analysis workflow
proposed here a convenient set of techniques that can prove indispensable in shedding
light on new clinical discoveries.
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