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Abstract—To develop and evaluate machine learning (ML)
models that infer preoperative cognitive function from
intraoperative electroencephalography (EEG). This was a
retrospective ML study that used a training dataset derived from
the MINDDS study (306 patients, USA), and an external testing
dataset from the Electroencephalographic Biomarker to Predict
Acute Post-Operatory Cognitive Dysfunction study (92 patients,
Chile). Both contained patients older than 60 years undergoing
either cardiac (training dataset) or non-cardiac (testing dataset)
surgery under general anesthesia. Preoperative cognitive
function was assessed using the Montreal Cognitive Assessment
(MoCA) in both cohorts. Four types of ML models were used:
logistic regression with L2 penalty, random forest, gradient
boosting tree, and extreme gradient boosting. Models were
evaluated in terms of weighted root mean square error
(WRMSE) and monotonic correlations towards actual MoCA
scores (Spearman’s rho). A logistic regression model with L2
regularization performed best in the training dataset (WRMSE
2.82 [2.60 — 3.03 95%ClI], Spearman’s rho 0.18 [0.06 — 0.29], p
0.0015). This performance mostly generalized to the test dataset
(WRMSE 2.72 [2.51 - 2.94], Spearman’s rho 0.14 [-0.05 — 0.31], p
0.18). This study shows that ML models trained on intraoperative
EEG can effectively infer preoperative cognitive function in older
patients, with generalizability across distinct populations and
relatively low error (<3 MoCA points). However, the correlations
were weak, indicating limited ability to capture consistent
monotonic relationships. Incorporating this approach into
perioperative care could enable early detection and mitigation of
neurocognitive disorders, improving surgical outcomes through
tailored interventions. Further refinement and validation are
required before clinical implementation.

Index Terms—Cognitive impairment, Delirium, Dementia,
Perioperative cognition, Electroencephalography, Alpha power,
Machine learning
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[. INTRODUCTION
Neurocognitive disorders like delirium and cognitive
dysfunction can be precipitated by surgery [1]. In turn,

episodes of postoperative delirium can trigger the onset of
dementia or worsen an already existing one, especially in
neurocognitively vulnerable patients [1,2], leading to a general
functional decline. The presence of preoperative cognitive
impairment is a key factor in determining the likelihood of
postoperative neurocognitive disorders [3]. Information about
preoperative cognitive function can also aid healthcare
providers in deciding on anesthesia and postoperative care
strategies that minimize the risk of delirium and other negative
postoperative conditions, thus generally improving patients'
outcomes [4]. This has been recently emphasized by an expert
consensus article that states that baseline cognitive function
should be evaluated preoperatively [5]. Moreover, there is
ample consensus among geriatric, surgical, and anesthesiology
societies’  best-practice  guidelines in recommending
preoperative cognitive screening [6—9], especially in older
surgical patients [10].

Despite this, a limited proportion of hospitals include
cognitive screening in older adults as a mandatory component
of their preoperative evaluation [11]. A web-based
questionnaire administered to American Society of
Anesthesiologists members reported that screening for
preoperative cognitive impairment was completed “rarely” or
“never” in 82.6% of the cases [12]. Conducting this type of
screening involves a series of monetary, time, and
organizational costs, such as the time to perform the
assessment and appropriate training of healthcare personnel.
These are most likely the main reasons why preoperative
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cognitive evaluation in older patients appears exceptional
rather than the norm in several contexts. Thus, facilitating the
collection of information on elderly patients’ preoperative
cognitive function in an easy, inexpensive, and accessible
manner could significantly improve the care of this vulnerable
population.

Intraoperative  frontal electroencephalography (EEG) is
frequently used in older patients as a monitoring tool to guide
anesthetic administration. However, EEG could provide
information on more than just the anesthetics' effective
dosage. Previous studies have seen an association between
intraoperative EEG band power in the alpha frequency range
(7-13 Hz) and preoperative cognitive impairment [13—18].
Other EEG features, such as the aperiodic exponent, have been
linked to age-related cognitive decline and can predict it over
a span of 10 years [19]. There are numerous other EEG
features that could also contribute to inferring preoperative
cognitive status. This may enable the use of EEG as an
objective, cost-efficient, and eventually automated tool to
inform preoperative cognitive function levels without the costs
associated with cognitive screening. Here, we aimed to create
a machine learning (ML) model to infer preoperative cognitive
impairment across multiple surgical settings in older adults
undergoing cardiac and non-cardiac surgery. We used two
intraoperative EEG datasets from older patients undergoing
general anesthesia for elective surgery who had preoperative
cognitive evaluations. To emphasize the generalizability of
our results, we trained the model on the first dataset (training
dataset) and tested its performance on the second dataset (test
dataset).

II. METHODS

This study is reported following the Strengthening the
Reporting of Observational Studies in Epidemiology
(STROBE) guidelines and the Minimum Information about
Clinical Artificial Intelligence Modelling (MI-CLAIM)
guidelines.

A. Training and Test Datasets

The training dataset came from the MINDDS [20,21] study
(NCT02856594), which was a single-center, parallel-arm,
randomized, placebo-controlled superiority trial that evaluated
the effectiveness of intraoperative dexmedetomidine to reduce
postoperative delirium in patients older than 60 years
undergoing cardiac surgery with cardiopulmonary bypass.
This study was conducted in Boston, USA. Anesthesia
maintenance was performed with Isoflurane as the main
hypnotic agent and fentanyl and/or hydromorphone as
analgesic agents. Further details on this study are described
elsewhere [20,21].

The test dataset ~was  collected from  the
Electroencephalographic Biomarker to Predict Acute Post-
Operatory Cognitive Dysfunction study (NCT04214496). This
study was a two-center observational trial aimed to determine

the predictive capacity of an intraoperative
electroencephalographic biomarker for postoperative delirium
in patients older than 60 years programmed to undergo non-
cardiac surgery. This study was conducted in Santiago, Chile.
Anesthesia maintenance was performed with Sevoflurane. For
analgesia, fentanyl and/or remifentanil were employed. In both
datasets, a modern volatile agent (Isoflurane or Sevoflurane,
both primarily GABAergic) was used together with an opioid
agent, following classical clinical practice. The two datasets
had distinct and diverse populations. The inclusion/exclusion
criteria for both studies are detailed in Appendix D.

B. Outcomes: Cognitive Status and Postoperative Delirium
Severity

Our primary outcome for model training was preoperative
cognitive status, evaluated with the abbreviated Montreal
Cognitive Assessment (aMoCA). Assessment was performed
at baseline (preoperatively) and postoperatively at 30, 90, and
180 days in the MINDDS trial. The aMoCA ranges from 0
(worst) to 22 (best) points and can be administered remotely.
It is a validated screening tool for assessing cognitive
impairment [22,23] with a cutoff score of <18 points for mild
cognitive impairment (MCI) [24].

In the Electroencephalographic Biomarker to Predict Acute
Post-Operatory Cognitive Dysfunction study, the authorized
formal Spanish translation of the Montreal Cognitive
Assessment (MoCA) version 7.2 [25] was performed at
baseline (preoperatively) and on the 5th postoperative day or
at discharge, whichever came first. The 7.2 Spanish version of
MoCA ranges from O (worst) to 30 (best) and was
administered in person by a trained examiner.

To harmonize the different cognitive scales used, a
conversion from MoCA in Spanish to abbreviated MoCA in
English was carried out following a previously validated and
published strategy by Katz et al., designed specifically to
convert scores between these two scales [24]. However, this
conversion does not include all possible values observed in
MoCA in Spanish. Thus, for non-existent values, we used a
round-up method (i.e., MoCA=30 is aMoCA=22, MoCA=28
is aMoCA=21, therefore, MoCA=29 is aMoCA=21.5,
rounding it up to aMoCA=22).

Our secondary outcome was Postoperative Delirium
Severity, evaluated using the long Confusion Assessment
Method Severity (CAM-S) score in both the training and test
datasets [26]. Delirium severity can be derived from
components of the CAM. The CAM-S ranges from 0 (no
delirium features) to 19, with higher scores indicating
worsening delirium severity. This variable was obtained for
both datasets to study its association with the inferred aMoCA.
We did not include mortality in our outcomes because of
insufficient incidence for proper analysis (Table I).

C. Electroencephalography (EEG)
In both studies, all patients received intraoperative EEG
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monitoring using a SedLine monitor (Masimo Inc., Irvine,
CA). Sedtrace electrode arrays were placed on the forehead at
approximately Fpl, Fp2, F7, and F8. The ground electrode
was approximately at the Fpz position, and the reference
electrode was approximately 1 centimeter above it. The
training dataset had a sampling frequency of 250 Hz, and the
external validation dataset of 178 Hz. We performed a down-
sampling procedure to equalize both sampling frequencies to
170 Hz. Further details on EEG processing and feature
extraction can be found below (Statistical analysis) and in
Appendix A.

D. Covariates

Clinical and demographic data were used as covariates to
account for possible confounding factors. The covariates were
age (years), sex (male or female), body mass index (kg m-2),
and educational level. In the training dataset, education was
classified according to the following levels: 1) less than 8th
grade, 2) 8th grade but less than High school graduate, 3) High
school graduate, 4) some College/Associate’s degree, 5)
Bachelor's degree, 6) Masters’ degree, 7) Doctoral degree.
One participant has an unknown/missing educational level,
which was imputed by the cohort median. In contrast, in the
test dataset, educational level was collected as a continuous
variable (years of education) starting at 1st grade (5 years old).
Thus, to harmonize education, we categorized the test dataset
educational level continuous variable into the following
categories matching the above: 1) <9 years of education, 2) 9
to 11 years of education, 3) 12 to 13 years of education, 4) 14
to 16 years of education, 5) 17 to 18 years of education, 6) 18
to 20 years of education, 7) >21 years of education. There is
no missing educational level in the test dataset.

E. Machine Learning

Machine learning (ML) was used to infer preoperative
aMoCA. To utilize the ordinal nature of the aMoCA outcome,
we used ordinal regression in combination with ML, using an
incremental approach. The labels (aMoCA) were encoded in
an incremental binary manner, where aMoCA < 15 was
encoded as [0,0,0,0,0,0,0], 16 as [1,0,0,0,0,0,0], 17 as
[1,1,0,0,0,0,0], 18 as [1,1,1,0,0,0,0], 19 as [1,1,1,1,0,0,0], 20
as [1,1,1,1,1,0,0], 21 as [L1,1,1,1,1,1,0], and 22 as
[1,1,1,1,1,1,1]. This converts the ordinal regression into
multiple binary classification problems, where each binary
classification problem corresponds to an element in the
encoded vector. Then, we fitted one classifier for each binary
classification problem, totaling 7 classifiers. Due to the
different class ratios for each binary classification problem, we
calibrated each classifier using Platt’s method. We then found
the optimal probability cutoff using Youden’s Index. At the
inference stage, we took the sum of 7 model inferences, where
each was binarized using its optimal probability cutoff. The
sum ranges from 0 to 7, then mapped back to aMoCA < 15,
16, ..., 22. This approach is better than plain binary
classification since the incremental binary labels encode
ordered information; it is also better than continuous
regression since it avoids encoding the numeric value.

Therefore, this approach is appropriate for modeling scores in
a clinical setting [43]. The justification by results is provided
in the Supplementary Results. We used four machine learning
models for the underlying binary classification component:
logistic regression with L2 penalty (LR), random forest (RF),
gradient boosting tree (GBT), and extreme gradient boosting
(XGB). The models were trained using nested 10-fold cross-
validation, as detailed in Appendix B.

F. Model Performance Metrics

The primary model performance metric was weighted root
mean square error (WRMSE), where the weight is inversely
proportional to the number of samples in each aMoCA level.
WRMSE measures the error between the inferred and the
actual aMoCA, with higher scores indicating worse model
performance. The secondary model performance metric was
Spearman’s rank correlation coefficient (rho), which measures
the monotonic trend between the inferred and the actual
aMoCA, with higher values indicating better performance.
These metrics were selected due to the ordinal nature of
aMOCA, which is not described by traditional metrics such as
accuracy, specificity, and sensitivity that are suitable for
categorical outcomes. Also, dichotomizing aMoCA requires
an arbitrary threshold and thus a loss of information.

G. External Validation

The best-performing model was then applied to the test
dataset from the Electroencephalographic Biomarker to
Predict Acute Post-Operatory Cognitive Dysfunction study.
The same performance metrics and associations with the same
outcomes were measured.

H. Statistical Analysis

Continuous data are presented using the mean + standard
deviation. In addition, groups are compared using Student's t-
test for independent samples. Categorical data are presented as
absolute counts and their corresponding percentages.
Differences between groups are studied using the 2 test. A p-
value < 0.05 criterion was employed to evaluate statistical
significance. For the performance metrics, we also did
permutation tests to get the chance-level distributions.
Specifically, we permutated the actual aMoCA scores to
destroy the correspondence with the predicted aMoCA scores,
and then obtained the same performance metrics. This process
was repeated 1,000 times to obtain the 2.5% and 97.5%
percentiles for the lower and upper bounds of the permutated
confidence interval. For confidence intervals, we used
bootstrapping, i.e., randomly sampling the dataset with
replacement to the same sample size and performing the
analysis 1,000 times, where the 2.5% and 97.5% percentiles
were used at the lower and upper bounds of the 95%
confidence interval. All analyses were performed using
Python 3.10. EEG processing was conducted using Python
custom-made scripts and publicly available open-source
libraries. Numpy, Scipy, and Matplotlib were the main
libraries employed throughout the analyses. For EEG files
management and spectral estimations, we used the MNE
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library (e.g., mne.time frequency.psd array multitaper). For
entropy-related  estimations, we used OrdPy (e.g,
ordpy.permutation_entropy). Lempel-Ziv Complexity was
evaluated using previously published scripts [39]. Aperiodic
components were calculated using Specparam library
(previously FOOOF) [28].

III. RESULTS

A. Cohort Characteristics

As shown in Figure 1, 306 participants were included in the
final training dataset and 92 participants in the test dataset.
The average age for the training dataset was 69.2 years old,
with 24.8% female participants (Table I). The average age for
the test dataset was 73.5 years old, with 50% female
participants. When comparing all measured covariates
between the two datasets, patients in the testing dataset were
on average slightly older, had lower BMI, and lower
educational level (Table I).

Model Training Model Testing

Dataset Dataset
469 participants under
randomization in 105 participants
MINDDS

12 without EEG or
——> with excessive
artifact in EEG

75 removed due
——> to prespecified exclusion
criteria in MINDDS

394 participants 93 participants

88 without EEG or
—> with excessive
artifact in EEG

1 without
preoperative aMoCA

306 participants 92 participants

Figure 1. Cohort diagram for both the training dataset and the
test dataset.

B. Cross-Validated Performances for Inferring preoperative
aMOCA in the Training Dataset

When measured by Spearman’s rho, the LR model achieved
the best performance (highest correlation = 0.18 (0.06 — 0.29),
p = 0.0015, Table II), where the permutation-based chance
level is 0 (-0.11 — 0.11). When measured by WRMSE, the RF
model achieved the best performance (lowest WRMSE = 2.59
(2.40-2.76)). As shown in Figure 2, the inference using LR
showed a wider range (greater confidence interval), while the
inference using RF showed a smaller range (regression to the
mean). Therefore, we chose LR as the best model of the two
for conducting further analyses. The permuted confusion
matrices and their comparisons are shown in Supplementary
Figure 1.

4
Age (year): mean+std 69.2+6.3 73.546.2 <0.001
Female: n (%) 76 (24.8%) 46 (50%) <0.001
BMI (kg/m?): meanzstd 28.3+5.3 26.1+4.4 <0.001
Education level: n (%) <0.001
1: less than 8th grade 0 26 (28.3%)
2: 8th grade but less
than high school graduate 20.74) 16(17.4%)
3: high school graduate 44 (14.4%) 17 (18.5%)
4: Some college /
) 66 (21.6%) 19 (20.7%)
associate
5: Bachelor degree 90 (29.4%) 6 (6.5%)
6: Master degree 57 (18.6%) 7 (7.6%)
7: Doctoral degree 46 (15.0%) 1(1.1%)
Unknown/missing 1 (0.3%) 0
Smoking 0.036
297 (97.1%)
Never or Past (154 never, 84 (91.3%)
143 past)
Current 9(2.9%) 8 (8.7%)
Illicit drug 8(2.6%) 0 (0%) 0.25
Comorbidity: n (%)
Hypertension 239 (78.1%) 55 (59.8%) <0.001
Diabetes 64 (20.9%) 22 (23.9%) 0.64
Sleep apnea 66 (21.6%) - -
Stroke 35 (11.4%) - -
Myocardial infarction 34 (11.1%) 6 (6.5%) 0.28
Peripheral artery disease | 23 (7.5%) - -
Atrial fibrillation 112 (36.6%) - -
Previous cardiac
) ) 102 (33.3%) - -
intervention
Chronic lung disease 48 (15.7%) - -
Renal failure 3 (1.0%) 3(3.3%) 0.28
Liver disease 9 (2.9%) 1 (1.1%) 0.54
Mortality: n (%)
1-month follow-up | 4 (1.3%) 0 (0%) 0.61
3-month follow-up | 4 (1.3%) 3 (3.3%) 0.42
6-month follow-up | 6 (2.0%) 6 (6.5%) 0.058

" for continuous variables, t-test was used; for categorical variables, y* test

was used. The p-values are two-sided, where values < 0.05 are bolded. “—”

stands for not available.

TABLE I
COHORT CHARACTERISTICS
Training Test Dataset | P-value
Dataset (n=92)
(n=306)

We then compared the inference performance using
exclusively alpha band power (8 - 12Hz). As shown in Table
III, the WRMSE using alpha band power was higher (worse
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performance) compared to using multiple EEG features and
covariates. However, the difference in Spearman’s correlation
was smaller. The best performance was obtained when using
data from both EEG and clinical covariates. In terms of
Spearman’s correlation, the best performance was 0.18 (0.06 —
0.29), where the absolute magnitude indicates a weak
prediction, and the statistical significance could be driven by
sample size. In terms of WRMSE, the best performance was
2.82 (2.60 — 3.03), where the permutation-based chance level
is 3.14 (2.93 — 3.34).

Logistic Regression Model - Count Random Forest Model - Count

<15 1% 17 18 19 20 21 22 <15 16 17 18 19 20 21 22

By 5 1 3 3 i 2 2 2.9 1 4 6 n 6 3 0
6 3 5 3 2 4 1 1 ©e- 1 1 5 3 1 0
g 3 1 3 3 4 i 3 ~- 0 2 3 7 6 3 0
Sw. 3 4 4 i 6 2 $ o 4 12 5 4 1
=« KR = g
= =
SN 2 B6 5 [ 6 S2 0o 5 o EKEERF n 0
2 2 -
g 3 3 n 7 3 n 6 g 0 2 131" 13 2
oo oK - o ¢ KAREEIE -
8- 1 1 3 6 5 5 3 1 8- 0 4 2 24 5 4 n 0

Predicted TMoCA Predicted TMoCA

Random Forest Model - Percent
<15 16 17 18 19

0 34 14 n 31
4 4 28 | 28

0 |71 n N 0
23 83 nn H2918:3 23
0 |85 n 12 0

0 3 13 13 36

6
o o = IRIENE -
6 8 Bn-' 32

Logistic Regression Mcdel - Percent
<15 1% 17 18 19 20 21 22

S 34 10 10 n 69 6.9
gg 12 ﬂ 2 5 BN 4 4
~ B 11| 36 | 1| 11 1
93 | 16 n 14 47

1 | Pl 58 12 1

55 55 RIS 55 n 1
-68 68 23 91 91 " ﬂ

« = EIEIRD = -
Predicted TMoCA

20 21 22
10 0
= 4

16 <15

17

7 83

18
18

i8N 3.5

Actual TMoCA

20 19
Actual TMOCA

20 19

2 2
22 21

0 0
Predicted TMoCA

Figure 2. Confusion matrix using Logistic regression (LR,
left) and random forest (RF, right). Each row presents the
number of participants with different aMoCA inferences at a
specific actual aMoCA score. The color in each cell is
proportional to the number in the cell.

C. Association with Secondary Outcome: Postoperative CAM-
S

We tested the association of the inferred aMoCA with
postoperative delirium severity measured using CAM-S. The
inferred aMoCA using LR had Spearman’s correlation with
CAM-S of -0.13 (p = 0.032). For reference, the actual aMoCA
correlated with CAM-S -0.19 (p < 0.001). Since the
participants in the MINDDS study had been randomly
assigned to receive dexmedetomidine, we further adjusted for
the dexmedetomidine use and repeated the same test. The
results are similar, as shown in Appendix C. The results
indicated that inferred aMoCA wusing LR significantly
correlated with the CAM-S.

As an exploratory analysis, we also directly predicted the
ordinal values of CAM-S using the EEG features and
covariates. In the training set, the cross-validated performance
was WRMSE of 2.29 (2.06 — 2.50) and Spearman’s rho of
0.12 (0.01 - 0.23), indicating weak but detectable
predictability.

D. External Validation Results

We applied LR to the external test dataset. The LR model
had a WRMSE of 2.72 (2.51 — 2.94), similar to its
performance on the training dataset (bootstrapped p = 0.87).
The permutation-based chance level is 2.86 (2.49 — 3.26). It
showed a Spearman’s correlation of 0.14 (-0.05 — 0.31; p =
0.18), similar to its performance on the training set
(bootstrapped p = 0.32), albeit with a wider confidence
interval, likely due to the difference in sample sizes. The
permutation-based chance level is 0 (-0.21 — 0.20). The
confusion matrix is shown in the Supplementary Figure 2. All
performances are shown in the Supplementary Figure 3. For
the association with the secondary outcome CAM-S, we did
not find a significant association for LR-inferred aMoCA
(Spearman’s correlation p = 0.43). For directly predicting
CAM-S, the WMSE was 3.44 (3.07 — 3.75) and Spearman’s
rho was 0.00 (-0.22 — 0.20), indicating no predictability. As a
sensitivity analysis, we evaluated the model's performance on
both the training and test datasets across patient subsets.
Specifically in Male and Female patients and in patients
younger and older than 70 years of age (Supplementary Table

1.

TABLE I
PERFORMANCES OF PREOPERATIVE AMOCA INFERENCES

WRMSE: measures Spearman’s correlation:

inference error, on the measures monotonic
aMoCA scale

(The smaller the better)

Model
trend

(The higher the better)

Logistic regression

with L2 penalty 2.82(2.60 —3.03) 0.18 (0.06 — 0.29)
(LR)
Random forest (RF) | 2.59 (2.40 —2.76) 0.14 (0.02 - 0.25)
Gradient boosting

2.59(2.42-2.77) 0.08 (-0.05-10.19)
tree (GBT)

Extreme gradient

2.70 (2.53 - 2.89)
boosting (XGB)

0.02 (-0.10-0.12)

TABLE III
PERFORMANCES OF PREOPERATIVE AMOCA

INFERENCES USING LR, WITH DIFFERENT INPUTS.

WRMSE: measures

inference error, on the

Spearman’s correlation:

measures monotonic

Input

aMoCA scale trend

(The smaller the better) (The higher the better)
Alpha band
power (classic 3.58(3.35-3.81) 0.18 (0.06 — 0.28)
approach)
Alpha band 3.15 (2.87 - 3.40) 0.15 (0.04 — 0.26)
power
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(oscillatory-
specific part

using the 1/f

approach)
EEG 3.15(2.92-3.38) 0.09 (-0.02 — 0.20)
EEG +

. 2.82 (2.60 - 3.03) 0.18 (0.06 — 0.29)
Covariates

Best model metrics are highlighted in bold.

IV. DISCUSSION

In this study, we show that older patients’ preoperative
cognitive status can be inferred with a machine learning model
that employs intraoperative EEG information. ML models
using intraoperative EEG predicted preoperative cognitive
function with low error, but correlations with actual scores
were weak. Logistic Regression with L2 penalty performed
best among all types of models tested. In the test dataset of
non-cardiac older surgical patients, this model had the lowest
error between the inferred and actual values (WRMSE).
Importantly, performance increased when covariates (age, sex,
body mass index, and educational level) were added.
However, differences between models were milder when
performance was assessed via the monotonic trend between
actual and inferred aMoCA through Spearman’s correlation.
When the relation of inferred aMoCA with postoperative
outcomes was explored, an association with postoperative
delirium severity (CAM-S) as well as direct predictability
from EEG in the training dataset was found. In summary, our
results indicate that intraoperative EEG data could be used to
infer cognitive function levels in older patients effectively.
This indicates technical feasibility and  possible
generalizability across cohorts, yet limited predictive
performance. Further refinement and validation are needed
before clinical application, highlighting potential but not
immediate utility in perioperative care. to deliver more
personalized postoperative management [4].

The model’s aMoCA prediction performances on the test
and training datasets were comparable, showing only slightly
worse metrics in the test dataset, which illustrates the
generalizability of our model. However, the substantial
difference between the performance of our best model in both
datasets was that it was not able to replicate the association
between preoperative cognition and CAM-S. There were
important and significant differences between the
characteristics of the patients in the training and test datasets
(Table I). Foremost, the training dataset consisted of cardiac
patients, while the patients in the test dataset were not cardiac
patients. Also, the population in the test dataset was older, had
a more equilibrated female-male ratio, presented a lower body
mass index, and a lower educational level than those in the
training dataset. Importantly, the training dataset was obtained
from a US-based population, and the test dataset was obtained
from a Chile-based one. These differences between groups

may explain the difference in performance between datasets.
A recent study in a Chilean older population (>66 years) found
19 points as a cutoff score for mild cognitive impairment in
this population [29]. In this line, differences in cutoff values
for cognitive impairment between populations may also
explain these performance differences. However, the use of
diverse datasets is necessary to make robust models that can
be generalized to the general population.

Cognitive function screening is seldom conducted in
everyday practice [11,12]. Patients with low preoperative
cognitive performance, especially after cardiac surgery, have
increased odds of postoperative bleeding, intensive-care unit
length of stay, extended hospital stay, and a greater likelihood
of being discharged to a place other than home [30-32]. These
patients also have an increased likelihood of developing
postoperative delirium. This is of particular relevance because
episodes of delirium can be a triggering factor for the onset of
various dementias [1,2]. Our results emphasize the usefulness
of automatically inferring preoperative cognitive levels from a
relatively cheap and non-invasive intraoperative monitor, such
as an EEG recording. However, before clinical
implementation, further refinement and enhancement of these
models must be conducted to improve the quality (effect size)
of preoperative cognitive function inference.

Intraoperative EEG has been extensively used to titrate
anesthetic drugs, particularly as a correlate of hypnosis and
nociception [33]. However, it could also help to infer specific
patients’ cognitive features [16,18,34]. Intraoperative EEG is a
useful tool for anesthesia providers that can lead to more
personalized intraoperative and postoperative care. It is a tool
that has been shown to safely facilitate the thorough
administration of anesthetic drugs. Implementing an
automated EEG-based system to classify patients’
preoperative cognitive status could lead to better and more
individualized perioperative care.

Our results build upon recent evidence [13-18] that
indicates that intraoperative alpha power is a particularly
valuable tool to infer preoperative cognitive levels (Table III).
When we further evaluated this relation, specifically with
oscillatory-specific alpha power, the model's performance
increased as reflected by lower WRMSE values. However,
Spearman’s correlation decreased, indicating a milder
monotonic association. Classical alpha band power is the
combination of oscillatory-specific and 1/f-like aperiodic
activity [27]. Oscillations are the result of coordinated periodic
modulations of neuronal spiking, while aperiodic activity is
thought to be related to the background tone of activity [35—
37]. Aperiodic activity has a known relation with aging and
cognition [38]. It has also shown promise in several clinical
applications [40-41]. Our results suggest that the brain
capacity for robust temporal coordination, which is intrinsic to
oscillatory-specific alpha activity, is more strongly related to
the level of preoperative cognitive function than the combined
periodic and aperiodic activity present in classical alpha band
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power (Table III). This result shows the importance of
distinguishing between periodic and aperiodic components
when studying brain activity and its relation to clinical
features. A detailed table with the feature coefficients is
provided in Supplementary Table 2.

One limitation of the current study emerges from the
differences between how and which variables were measured
in the original studies. There were cases of clinical covariates
that were missing in the test dataset compared to the training
dataset, which limited the performance of the final model.
Also, there was a difference in the instruments used to
quantify cognitive function (aMoCA vs MoCA), which
required a conversion between scores from the MoCA scale to
aMoCA. This process could have led to marginally different
scores. For WRMSE, this causes a higher deviation from the
ground truth, hence overestimating the error. This was not the
case for Spearman's correlation scores because this metric
only considers the relative rank. Future studies could include
common and more detailed cognitive assessment tools to
refine these inferential models. Another limitation that should
always be acknowledged in these types of studies is the fact
that, although we extracted 26 EEG features, coming from
diverse theoretical backgrounds, we could be missing other
important EEG features. An intrinsic challenge from the
strategy used here is the fact that our model predicts cognitive
function intraoperatively, which precludes the possibility of
implementing strategies such as preoperative rehabilitation
(e.g. [42]), leaving the clinicians space to conduct mitigatory
and/or preventive measures only during intraoperative and
postoperative periods. From the ML modeling perspective,
models aimed at predicting cognitive function from EEG
features could be improved by employing more detailed
cognitive assessments, EEG data with greater head coverage
instead of only frontal electrodes, a greater number of EEG
features, or the use of other models.

In conclusion, an intraoperative EEG-based ML model can
better aid in inferring preoperative cognitive status in older
patients undergoing cardiac surgery than alpha band power.
This study highlights the potential of intraoperative EEG as a
source of information for cognitive assessment, but current
models provide only marginal predictive value. Future work
should focus on improving model accuracy and robustness, as
well as exploring complementary biomarkers, to enable
meaningful integration into perioperative care.

Code Availability
All code and package versions can be found at
https://github.com/Hockey86/EEGPreopCognitionML.

APPENDIX

A. EEG Processing and Feature Extraction

All EEG traces were visually inspected, and artifacts were
removed. A 2-minute artifact-free period, collected between
the induction of anesthesia and the initiation of

cardiopulmonary bypass, was selected for analysis in the
training dataset. In the validation dataset, a 1-minute artifact-
free EEG segment collected during anesthesia maintenance (1
hour after tracheal intubation) was selected for analysis.

For estimating spectral-domain EEG features, we
segmented the data into 10-second epochs. From each, we
extracted total band power (0.5-40Hz), delta band power (0.5-
3Hz), theta band power (3-7Hz), alpha band power (8-12Hz),
and beta band power (15-25Hz). The band powers were
derived from the power spectral density (PSD), estimated
using the multitaper method (7 tapers). We also computed an
oscillatory-specific alpha band as reported previously [27]
using the specparam algorithm [28], which decomposes PSD
into aperiodic and oscillatory components. Then, we extracted
the oscillatory-specific alpha band's number of oscillatory
peaks, power, central frequency, bandwidth, and peak
prevalence. We also extracted the aperiodic exponent (slope)
and offset, as well as the deviation from the 1/f component.
Features from the complexity domain included permutation
entropy, dispersion entropy, Hjorth complexity, number of
zero crossings, Higuchi fractal dimension, slope from the
detrended fluctuation analysis, and Lempel-Ziv complexity.
Finally, synchronization between lateral electrodes was
assessed using three complementary measures: coherence of
the alpha band, synchronization of the alpha band (weighted
phase lag index, wPLI), and mutual information. These
measures were calculated for each pair of electrodes from the
same brain hemisphere and for pairs from different brain
hemispheres (intra- and interhemispheric, respectively). In
total, we calculated 26 EEG-derived features.

B. Model Training using Nested 10-Fold Cross-Validation
The nested 10-fold cross-validation consists of an outer and
inner loop. The purpose of the outer loop was to estimate the
out-of-sample generalization performance. The inner loop
aims to select the best hyperparameter of the ML models. The
participants were randomly divided into 10 folds in the outer
loop with the same distribution of aMoCA scores. Each fold is
used as the testing set in rotation, and the other 9 folds are
combined as the training set. A model was fitted using the
hyperparameter from the inner loop on the training set and
then inferred on the testing set. The final performance metrics
were based on comparing all true classes to the concatenated
test results across the 10 folds. The training participants from
an outer loop are further divided into 10 folds in the inner
loop. We combined univariate feature selection in the training
process. Before fitting the model, we used the Mann-Whitney
U test to obtain the p-value of each feature in the training set,
and then features with a p-value lower than a threshold
(hyperparameter) entered the model fitting. For each
hyperparameter choice, the model was trained on the 9 inner
folds and tested on the 1 inner fold. The combined testing
performance on all inner testing sets was the performance for
this hyperparameter choice. We used Bayesian optimization to
find the best hyperparameter that maximizes the inner testing
performance. For LR, the hyperparameter was the penalty
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strength selected from the range of 10-3 to 103. For RF, the
hyperparameters were the number of trees selected from 10 to
200, maximum depth from 1 to 5, minimum samples at leaf
from 1 to 50, and cost complexity pruning from 10-3 to 103.
For GBT, the hyperparameters were maximum boosting levels
from 10 to 50, maximum tree depth from 2 to 4, L2 penalty
from 10-3 to 103, and learning rate from 10-3 to 100. For
XGB, the hyperparameters were maximum tree depth from 2
to 4, learning rate from 0 to 1, the minimum sum needed in a
child node from 10-2 to 102, and minimum loss reduction for
partition leaf node from 10-3 to 103. For all models, the
univariate feature selection p-value threshold was selected
from 0.1 to 0.5.
C. Association with CAM-S  while
Dexmedetomidine

Since the participants in the MINDDS study had been
randomly assigned to receive dexmedetomidine, we tested the
association of the inferred aMoCA with CAM-S while
adjusting for dexmedetomidine. The inferred aMoCA using
LR had Spearman’s correlation with CAM-S of -0.12 (p =
0.043). The inferred aMoCA using RF had -0.075 (p = 0.20).
For reference, the actual aMoCA had -0.19 (p<0.001).

Adjusting  for

D. Inclusion and Exclusion Criteria

Training dataset: Patients were eligible for inclusion if they
were 60 years or older, scheduled to undergo a cardiac
surgical procedure with planned postoperative admission to
the cardiac surgical intensive care unit (CSICU) for 24 h or
more, and were scheduled for a same-day surgical admission.
Patients were excluded from participation if they were allergic
to dexmedetomidine, had renal (requiring dialysis) or liver
failure (Child-Pugh score > 5), were on chronic
benzodiazepine or antipsychotic therapy, had severe deficit(s)
due to structural or anoxic brain damage, were admitted to the
ICU for more than 2 days in the month before surgery,
previously underwent cardiac surgery within 1 year of surgery,
were undergoing a surgical procedure requiring total
circulatory arrest, or were SARS-CoV-2 positive or
symptomatic (e.g., fever, cough, loss of taste/smell).
Participants who were blind, deaf, or unable to communicate
in English were excluded due to their inability to complete the
cognitive assessments, as were patients experiencing
circumstances for which long-term follow-up might be
difficult (e.g., homelessness, active psychotic disorder, or
substance abuse).

Testing dataset: Patients were eligible if they were 60 years
or older, scheduled for high-risk elective surgery, planned for
at least 3 days of hospital stay, and undergoing surgery under
general anesthesia, with written informed consent required for
participation in the trial. Patients with preoperative delirium or
dementia, using neuroleptic drugs for the last 6 months, with a
history of encephalopathy, psychosis, stroke, or brain trauma
with neurologic sequelae were excluded. Cases under use of
ketamine or dexmedetomidine during surgery, emergency
surgery, patients requiring mechanical ventilation for 72 hours

after surgery, and those unable to communicate in Spanish or
illiterate were also excluded. Participants could not be
included in another clinical trial.
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