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Abstract
Purpose  The primary method for predicting POD (postoperative confusion) relies on the analysis of clinical features. Brain 
activity complexity is a promising factor associated with the state of consciousness. The aim of this study was to investigate 
the role of EEG (electroencephalography) complexity changes in predicting POD in elderly patients undergoing orthopedic 
surgery.
Methods  From January 2024 to August 2024, 289 elderly patients undergoing orthopedic surgery were recruited at the 
Second Affiliated Hospital of Nanjing Medical University. Intraoperative EEG data from patients were collected and then 
EEG nonlinear features were extracted by MATLAB custom scripts. The logistic regression and CNN (convolutional neural 
networks) were used to explore the predictive effect of nonlinear features on POD from both static and dynamic perspectives.
Results  Low permutation Lempel–Ziv complexity (PLZC) among the EEG nonlinear features emerged as an independent 
risk factor for POD [OR = 0.210; 95% CI (0.050–0.850); p = 0.029]. Receiver operating characteristic curve (ROC) analy-
sis revealed a poor area under the curve of 0.615 (95% CI 0.517–0.711) for PLZC in predicting POD. After the inclusion 
of temporal factors, the ROC analysis indicated that the EEG nonlinear indices had a moderate predictive effect on POD 
[AUC = 0.701; (95% CI 0.541–0.862)].
Conclusions  EEG nonlinear feature indices may be effective biomarkers for POD and could help predict POD in elderly 
patients undergoing orthopedic surgery.
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Introduction

Postoperative delirium (POD), recognized as a sudden disrup-
tion in attention and cognitive processes, is especially preva-
lent and severe among elderly patients [1]. The emergence 
of POD can trigger a series of adverse effects, leading to a 
decline in autonomy, increased morbidity and mortality, as 
well as escalated healthcare costs [2]. The significant influence 
of POD on functional capabilities and life quality has extensive 
social consequences, affecting not only individuals but also 
families, communities, and the healthcare system as a whole 
[3]. To date, due to the complexity of POD’s pathogenesis, 
specific methods to prevent its occurrence are still undiscov-
ered, and diagnosis primarily relies on clinical observation 
[4]. Therefore, understanding the underlying mechanisms of 
POD and developing effective preventative and therapeutic 
measures are crucial for the advancement of medical care and 
the overall wellbeing of society.
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At present, the predominant approach to predicting POD 
relies on the analysis of clinical characteristics [5]. However, 
this approach is potentially limited due to the apparent non-
linear relationships between the variables and outcomes, sug-
gesting a need for more advanced analytical [6, 7]. Electro-
encephalography (EEG) serves as a non-invasive, rapid, and 
effective diagnostic tool for assessing global neuronal activity 
in the brain [8]. Its utility, however, is challenged by the inher-
ent difficulty in interpreting its non-linear, non-stationary, and 
chaotic dynamics through traditional linear methodologies [9]. 
The studies have shown that EEG nonlinear feature indices are 
significantly correlated with the power spectrum distribution 
in comatose and anesthetized patients [10]. The Lempel–Ziv 
complexity, a renowned non-linear feature, not only serves as 
a measure of complexity but may also act as a promising indi-
cator of neural complexity and a biomarker for consciousness 
[11]. The brain, a paragon of complex systems, showcases that 
single-theory explanations often fall short in explaining phe-
nomena like aging, brain electricity, and consciousness within 
medical research [12]. There has been an optimistic view that 
diseases could be targeted through specific mechanisms. How-
ever, as per complex systems theory, the cells and molecules 
demonstrate complex and non-linear features during disease 
progression [13]. This inherent unpredictability of diseases 
underscores the importance of understanding the variability in 
the effectiveness and safety of interventions among different 
population groups. Therefore, investigating the influence of 
EEG’s non-linear feature indices on POD through the lens of 
complex systems theory promises to enrich our comprehension 
of various complex system issues, like disease pathology and 
brain functionalities [14].

In the realm of AI (artificial intelligence), ML (machine 
learning) and its subset, DL (deep learning), stand out as 
key methodologies [15]. The evolution of computer algo-
rithms has recently amplified the application of CNN (con-
volutional neural networks) in deep learning. CNNs are 
particularly adept at extracting features from complex data 
types, such as images and videos, allowing for the effective 
utilization of patient radiological data [16, 17]. This study 
proposes leveraging intraoperative EEG non-linear feature 
indices for POD prediction, aiming to achieve precise strati-
fication of patients at high risk for POD. This approach not 
only contributes to the specific field of clinical anesthesia 
but also paves the way for broader applications of DL in 
clinical research.

Methods

Patients’ recruitment

This research was conducted as a prospective, obser-
vational study, adhering to the STROBE reporting 

guidelines [18]. The study received registration at chictr.
org (ChiCTR2400080835) and approval from the Ethics 
Committee of the Second Affiliated Hospital of Nanjing 
Medical University (2024-KY-011–01). Prior to recruitment, 
informed consent was obtained from all participants, either 
directly or through a legally authorized representative.

The inclusion criteria were: (1) Age ≥ 65 years; (2) ASA 
(american society of anesthesiologists) classification levels 
I to IV; (3) Expected hospital stay of at least 3 days; (4) 
Scheduled for elective orthopedic surgery; (5) Expected 
duration of the anesthesia operation is 90 min or longer. 
The exclusion criteria were as follows: (1) Inability to com-
municate due to coma, severe dementia, or language disor-
ders; (2) Severe cardiac, cerebral, renal, or hepatic functional 
abnormalities; (3) History of major trauma or major surgery 
within the past year; (4) History of significant organ dys-
function; (5) Preexisting conditions such as schizophrenia, 
epilepsy, Parkinson’s disease, or myasthenia gravis.

Evaluation of POD

POD involves fluctuations in mental status, necessitat-
ing multiple repeated evaluations [19]. Trained investiga-
tors assessed patients with the 3D-confusion assessment 
method (3D-CAM) or the CAM for the Intensive Care Unit 
(CAM-ICU) twice daily for the first three postoperative 
days, including those unable to speak in the intensive care 
unit (e.g., patients still intubated) [20, 21]. This assessment 
encompasses four key components: (1) alterations in the 
level of consciousness, (2) acute fluctuations in mental sta-
tus, (3) disordered thinking, and (4) inattention. POD was 
identified based on the presence of both (1) and (2), along 
with either (3), (4), or both.

Anesthetic methods

In this study, anesthesia practitioners were not informed 
of the details of patients’ EEG waveforms and processed 
EEG (pEEG) data. Consequently, neither pEEG nor EEG 
waveforms were utilized to adjust the depth of anesthesia. 
Heart rate and blood pressure were maintained within 20% 
of baseline values, employing vasoactive and cardioactive 
drugs as per the anesthesiologist’s discretion. To reduce 
potential confounding effects on EEG spectrum assessment 
due to EEG suppression, the use of alternative non-propofol 
intravenous hypnotic agents (such as midazolam, ketamine, 
or dexmedetomidine) was purposely avoided.

Utilization of EEG monitoring and data analysis

The monitoring of patient brain function was conducted 
using the ConView® system, developed by Pearlcare Medi-
cal Technology Company Limited, based in Zhejiang, China. 
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This system utilizes an array of electrodes placed on the 
forehead, specifically at positions Fp1 or Fp2. An earth elec-
trode was positioned at Fpz, while a reference electrode was 
situated in the temple area, between the eye’s corner and 
the hairline. The electrodes were calibrated to maintain a 
skin contact impedance below 5 kΩ for each channel, with 
a sampling rate set at 500 Hz. Analysis of the EEG data 
was carried out using MATLAB (version 2021a). The raw 
EEG data underwent bandpass filtering in the range of 0.5 
to 50 Hz. Bad signals from the filtered data were manually 
removed (Such as short time amplitude reduction, signal 
noise and signal gaps). Firstly, the entire intraoperative EEG 
signal was analyzed as a whole. The entire intraoperative 
EEG signals were then split into 20 epochs for analysis. 
We calculated 14 nonlinear feature indices using a custom 
MATLAB script. Finally, the different complexity indices 
are integrated into heatmaps for DL modeling (Fig. 1).

Calculation of non‑linear EEG parameters

In this study, 14 non-linear features were extracted from the 
intraoperative EEG data to explore their association with 

POD. Among these, PLZC (permutation Lempel–Ziv com-
plexity) was calculated with an arrange dimension of 4 and 
an embedded dimension of 24. This measure captures the 
complexity of the signal by quantifying the number of dis-
tinct patterns in consecutive values, with lower PLZC values 
indicating reduced complexity. WE (wavelet entropy) was 
computed using the Daubechies 4 (db4) wavelet basis func-
tion with four decomposition layers, providing a measure of 
randomness and disorder across multiple time scales. Simi-
larly, HilEn (hilbert-yellow spectral entropy) was calculated 
within the frequency band of 1–30 Hz, with a frequency 
resolution of 0.5 Hz, leveraging the instantaneous frequency 
spectrum to assess time-varying signal complexity.

Spectral power analysis was conducted using H trans-
form parameters to estimate the Hurst exponent. The fre-
quency spectrum was divided into 20 bands, starting at 1 Hz, 
with each band spanning 2.5 Hz. The PSD (power spectral 
density) across these bands was analyzed to determine the 
relationship between frequency and power. From this, the 
H (hurst exponent) was calculated, providing a measure of 
the long-range correlations and self-similarity in the EEG 
signal. AE (approximate entropy) and SampEn (sample 
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Fig. 1   Workflow of EEG non-linear feature analysis and prediction 
model development. The intraoperative EEG data were analyzed 
through static and dynamic approaches. Static analysis calculated a 
single non-linear feature value for each patient over the entire intraop-
erative period, adjusted for related factors. Dynamic analysis divided 

the period into 20 epochs, with non-linear features from each epoch 
used in a 16-layer convolutional neural network to predict outcomes, 
evaluated by receiver operating characteristic curves. CNN, convolu-
tional neural network; Epoch refers to the division of the entire intra-
operative period into 20 time segments
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entropy) were both calculated using an embedded dimension 
of 2 and a similarity tolerance of 0.15 times the standard 
deviation of the signal. AE measures the predictability of 
the signal, where lower values indicate more regular pat-
terns, while SampEn is a refined version of AE that excludes 
self-matching. PE (permutation entropy), another non-linear 
metric, was computed using an embedding dimension of 3 
and a time delay of 1. PE quantifies the complexity of the 
signal based on the order relationships between consecutive 
data points.

Statistical analyses

In this study, statistical analyses were carried out using 
R software, version 4.2.1. For data conforming to nor-
mal distribution, the mean ± standard deviation was used 
for representation, and comparisons between such groups 
were conducted using the two independent samples t-test. 
Non-normally distributed data were presented as median 
and interquartile ranges, with the Mann–Whitney U test 
employed for intergroup comparisons. Count data were 
denoted as numbers (percentages) and compared using the 
chi-square test or Fisher’s exact test. Linear mixed-effects 
model was employed to compare repeated measures data 
(14 nonlinear feature indices). The analysis was conducted 
using the lmerTest package within the R software environ-
ment. In this model, group and time (modeled as categorical 
variables), as well as the interaction between group and time, 
were treated as fixed effects. Random effects were incorpo-
rated as random intercepts for subjects. Multivariate logis-
tic regression analysis was carried out with variables with 
p-value less than 0.05.

To extract the intraoperative EEG nonlinear feature indi-
ces, we used custom MATLAB scripts and routines adapted 
from the EEGLab toolbox. The study leveraged the VGG16 
architecture within PyTorch, incorporating 13 convolutional 
layers, 5 pooling layers, and 4 fully connected layers. The 
batch size for the model analysis was set to 1, meaning one 
image was processed at a time. The training phase involved 
classifying input as ‘yes’ or ‘no’ for the occurrence of POD. 
Around 70% of images were utilized for training, while the 
remaining 30% were allocated to the validation set for CNN 
processing. Prior to validation, all images were standardized 
and resized to 224 × 224 pixels, with 3 color channels for 
analysis in the CNN.

Hyperparameter settings in the CNN were as follows: 
convolutional layers with a 3 × 3 kernel size, a stride of 1, 
and the ReLU activation function; pooling layers with a 2 × 2 
kernel size, a stride of 2, and also using the ReLU activation 
function. These parameters were integrated into the soft-
max function to set the final fully connected layer size to 2. 
The CNN’s learning rate was established at 0.001 to reduce 
the risk of overfitting and model-related errors. The model 

underwent a rigorous process of 1000 training iterations. 
Post-training, the CNN model’s internal validation was con-
ducted using the designated validation images. Finally, the 
predictive value of the EEG nonlinear feature indices for 
POD was determined by plotting the area under the receiver 
operating characteristic curve (AUROC).

Results

Baseline characteristics

Out of the 302 patients initially considered for the study, 
thirteen were excluded: three due to hearing impairments 
that hindered communication, three were unable to provide 
informed consent, four due to missing EEG data, and three 
whose surgeries were cancelled. Ultimately, 289 patients 
were included in the final analysis.

In this analysis of 289 patients, 34 individuals experi-
enced POD, accounting for 11.8%. The basic characteristics 
of these patients are detailed in Table 1. No significant dif-
ferences were observed in terms of educational level, pre-
operative pain scores, and anesthesia duration. Compared 
to non-POD patients, those with POD exhibited higher age, 
ACCI (age-adjusted charlson comorbidity index), frailty 
scores, ASA classifications, and ICU admission rates, while 
presenting lower BMI (body mass index) and MMSE (mini-
mental state examination) scores and PLZC. Additionally, 
the patients undergoing femoral or hip joint surgeries were 
more susceptible to developing POD (p < 0.001).

PLZC prediction for POD

Figure 2A illustrates the changes in PLZC across groups 
over various epochs. Patients with POD exhibited lower 
PLZC levels across several epochs. During the various 
epochs, changes in the other 13 variables representing the 
nonlinear feature index between the two groups are detailed 
in the Supplementary Material. Upon calculating the mean 
PLZC values across different epochs, the PLZC levels in 
the POD group were found to be lower than those in the 
non-POD group (Fig. 2B, p = 0.031). ROC (receiver operat-
ing characteristic curve) analysis for PLZC’s ability to pre-
dict POD demonstrated an AUC (area under the curve) of 
0.615 (95% CI 0.517–0.711, Fig. 2C). Furthermore, after 
controlling for confounding factors, PLZC was identified 
as an independent risk factor for POD [OR = 0.210; 95% CI 
(0.050–0.850); p = 0.029] (Fig. 3). 

Nonlinear features prediction for POD

To delve deeper into the predictive impact of the non-
linear feature indices on POD across various epochs, we 
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Table 1   General characteristics of patients between the POD and non-POD groups

Variables Total (n = 289) Non-POD (n = 255) POD (n = 34) p

Gender, n (%) 0.509
Female 185 (64) 161 (63) 24 (71)
Male 104 (36) 94 (37) 10 (29)
Age, median (Q1,Q3) 72 (68, 77) 71 (68, 76) 80 (75, 84.75)  < 0.001
Education, median (Q1,Q3) 0.195
Elementary grade 168 (58) 144 (56) 24 (71)
Medium grade 99 (34) 92 (36) 7 (21)
High grade 22 (8) 19 (7) 3 (9)
BMI, mean ± SD 24.3 ± 3.88 24.51 ± 3.87 22.77 ± 3.66 0.014
Preoperative NRS, median (Q1,Q3) 0 (0, 0) 0 (0, 0) 0 (0, 0) 0.742
Smoking history, n (%) 0.687
No 226 (78) 198 (78) 28 (82)
Yes 63 (22) 57 (22) 6 (18)
Drinking history, n (%) 0.100
No 228 (79) 197 (77) 31 (91)
Yes 61 (21) 58 (23) 3 (9)
Coronary heart disease, n (%) 1.000
No 250 (87) 220 (86) 30 (88)
Yes 39 (13) 35 (14) 4 (12)
Hypertension, n (%) 0.814
No 103 (36) 92 (36) 11 (32)
Yes 186 (64) 163 (64) 23 (68)
Diabetes, n (%) 0.418
No 224 (78) 200 (78) 24 (71)
Yes 65 (22) 55 (22) 10 (29)
MMSE, median (Q1,Q3) 28 (25, 29) 28 (25.5, 29) 26 (22.25, 27.75)  < 0.001
ACCI, median (Q1,Q3) 4 (3, 5) 4 (3, 5) 4 (3.25, 5) 0.008
FRAIL scale, median (Q1,Q3) 2 (0, 3) 2 (0, 3) 2 (1.25, 3.75)  < 0.001
Surgery type, n (%)  < 0.001
Hip replacement 49 (17) 42 (16.5) 7 (20.6)
Knee replacement 27 (9.3) 26 (10.2) 1 (2.9)
Femoral fracture 36 (12.5) 21 (8.2) 15 (44.1)
Lumbar fracture 177 (61.2) 166 (65.1) 11 (32.4)
ASA, median (Q1,Q3) 2 (2, 3) 2 (2, 2.5) 3 (2, 3)  < 0.001
Anesthesia duration, median (Q1,Q3) 160 (135, 195) 165 (135, 195) 145 (127.75, 204.5) 0.437
ICU admission, n (%)  < 0.001
No 265 (92) 242 (95) 23 (68)
Yes 24 (8) 13 (5) 11 (32)
Length of stay, median (Q1,Q3) 10 (8, 12) 10 (8, 12) 11 (9, 13) 0.147
PLZC, median (Q1,Q3) 0.64 (0.63, 0.64) 0.64 (0.63, 0.64) 0.63 (0.62, 0.64) 0.031
B, median (Q1,Q3) 2.21 (2.07, 2.31) 2.21 (2.07, 2.31) 2.19 (2.07, 2.29) 0.638
LZCk-means, median (Q1,Q3) 0.92 (0.90, 0.93) 0.92 (0.90, 0.93) 0.91 (0.90, 0.92) 0.190
LZCmean, median (Q1,Q3) 0.92 (0.90, 0.93) 0.92 (0.90, 0.93) 0.91 (0.90, 0.92) 0.225
LZCmedian, median (Q1,Q3) 0.90 (0.88, 0.91) 0.90 (0.88, 0.91) 0.90 (0.88, 0.91) 0.267
LZCmid-point, median (Q1,Q3) 0.75 (0.74, 0.77) 0.75 (0.74, 0.77) 0.76 (0.74, 0.77) 0.893
A, median (Q1,Q3) 40.56 (26.58, 55.26) 40.56 (26.37, 55.07) 39.85 (27.19, 55.45) 0.764
AE, median (Q1,Q3) 1.15 (1.14, 1.15) 1.15 (1.14, 1.16) 1.15 (1.14, 1.15) 0.430
H, median (Q1,Q3) 0.60 (0.54, 0.65) 0.61 (0.54, 0.65) 0.60 (0.54, 0.65) 0.638
HilEn, median (Q1,Q3) 5.21 (5.17, 5.26) 5.21 (5.17, 5.26) 5.21 (5.18, 5.26) 0.961
PE, median (Q1,Q3) 0.92 (0.92, 0.92) 0.92 (0.92, 0.92) 0.92 (0.91, 0.92) 0.083
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Table 1   (continued)

Variables Total (n = 289) Non-POD (n = 255) POD (n = 34) p

r, median (Q1,Q3) 0.49 (0.25, 0.60) 0.50 (0.25, 0.61) 0.47 (0.27, 0.58) 0.751
SampEn, median (Q1,Q3) 1.17 (1.14, 1.22) 1.17 (1.14, 1.22) 1.16 (1.14, 1.20) 0.189
WE, median (Q1,Q3) 1.38 (1.33, 1.41) 1.39 (1.33, 1.42) 1.37 (1.33, 1.41) 0.553

BMI body mass index; MMSE mini-mental state examination; NRS numeric rating scale; ACCI age-adjusted charlson comorbidity index; PLZC 
permutation Lempel–Ziv complexity; LZC Lempel–Ziv complexity; PE permutation entropy; SampEn sample entropy; AE approximate entropy; 
H hurst exponent, (H = (B-1) / 2); WE wavelet entropy; HilEn hilbert-yellow spectral entropy; r fit correlation coefficient; A power-law scaling 
coefficient; B power-law exponent; POD postoperative delirium; ASA american society of anesthesiologists; FRAIL fatigue, resistance, ambula-
tion, illness, and loss of weight scale; Notes:  LZCk-means: The signal is divided into two clusters using k-means clustering. A binary sequence is 
generated by assigning values based on the proximity to the centroids. The LZC is then computed for the resulting binary sequence, representing 
the complexity of the signal. LZCmean: The signal values are compared with the mean amplitude of the signal. A binary sequence is generated 
and its LZC is computed based on the number of unique subsequences. LZCmean: The signal values are compared with the median amplitude. A 
binary sequence is created, and the LZC is calculated for the binary sequence. LZCmid-point: The signal values are compared with the midpoint 
between the minimum and maximum values of the signal. A binary sequence is generated, and the LZC is computed based on the sequence's 
complexity 
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randomly allocated 289 patients into training and valida-
tion sets at a 7:3 ratio. The two variables, coronary heart 
disease and PE, showed significantly different between the 
two groups (p < 0.05). Details of the training and valida-
tion sets are provided in Table 2. Upon incorporating the 
nonlinear feature indices across various epochs, the predic-
tive efficacy of the nonlinear feature indices for POD was 
enhanced [AUC = 0.757; 95% CI 0.644–0.871] (Fig. 4A). In 
the validation set, the ROC curve for the nonlinear feature 
index’s prediction of POD was 0.701 (95% CI 0.541–0.862, 
Fig. 4B). 

Discussion

In this study, we observed a lower incidence of POD in 
elderly orthopedic surgery patients, which somewhat con-
tradicts previous findings [22, 23]. This may be due to con-
tinuous advancements in anesthesia techniques and the study 
center’s preference for combined spinal-epidural anesthesia 
in elderly patients with poor physical status. Consequently, 
anesthesiologists may opt for general anesthesia in cases 
with milder conditions. This may explain the lower inci-
dence of POD observed in our study. In a post-hoc analysis, 
it was found that elderly orthopedic surgery patients with an 
ASA score of 3 or higher comprised 29% of the total study 
sample, aligning with our speculation.

In this prospective cohort study, our findings are as fol-
lows: (1) After adjusting for confounding factors, a decrease 
in intraoperative PLZC was independently associated with 
an increased risk of POD; (2) Taking temporal factors into 
account, the EEG complexity indices moderately predict 
POD. Collectively, these insights suggest that intraopera-
tive EEG nonlinear feature indices should be considered a 
crucial factor in intraoperative monitoring, particularly for 
elderly patients. EEG, which records the electrical activity 

of brain neurons to monitor the brain’s functional state, is a 
medical examination method for detecting electrical activity 
on the scalp surface [24]. Clinically, it is advised to routinely 
conduct EEG monitoring during surgery to reduce the risk of 
POD. PLZC, a nonlinear dynamic indicator, detects the like-
lihood of new patterns emerging in a time series, identifying 
variations in EEG signals without recognizing amplitude 
levels or frequency sizes [25]. PLZC is a reliable indicator of 
the complexity of brain frequency band oscillation signals, 
extensively used in detecting Alzheimer’s disease, schizo-
phrenia, mood disorders, and alterations in consciousness 
[26–29]. Although our study identifies low PLZC as a poten-
tial predictor for POD, the question remains as to how this 
information can be translated into actionable strategies to 
prevent POD when a patient is predicted to progress to this 
condition. While no definitive interventions are currently 
available, several potential approaches may warrant consid-
eration. First, optimization of intraoperative anesthetic depth 
is critical. Excessive anesthetic depth has been associated 
with an increased risk of POD, as it can lead to reduced 
brain activity and impaired neuronal function [30]. Monitor-
ing and maintaining an appropriate anesthetic depth through 
EEG-guided strategies, particularly those informed by non-
linear features such as PLZC, may help to minimize this 
risk. Second, avoiding excessive sedation and unnecessary 
exposure to deliriogenic medications (e.g., benzodiazepines 
and anticholinergic drugs) could be another strategy. Tai-
loring medication regimens to each patient’s specific needs 
may reduce the likelihood of POD, especially in high-risk 
individuals identified through EEG-based predictions. Fur-
ther studies are needed to investigate whether individualized 
anesthetic titration guided by EEG complexity measures, 
such as PLZC, can directly reduce POD incidence. Develop-
ing algorithms or clinical pathways based on EEG findings 
may provide a promising avenue for integrating predictive 
analytics with intraoperative decision-making.

Fig. 3   Multivariate logistic 
regression analysis. BMI, body 
mass index; MMSE, mini-men-
tal state examination; ACCI, 
age-adjusted charlson comor-
bidity index; ASA, american 
society of anesthesiologists; 
PLZC, permutation Lempel–Ziv 
complexity

Variables
Age
BMI

OR

MMSE
ACCI
FRAIL scale

p value

Surgery type
Knee replacement
Femoral fracture
Lumbar fracture
ASA
PLZC
ICU admission

1.150
0.930
0.950
0.790
1.080

0.310
0.630
0.350
1.710
0.210
3.420

(1.060-1.240)
(0.820-1.050)
(0.870-1.030)
(0.550-1.140)
(0.720-1.631)

(0.030-3.080)
(0.150-2.710)
(0.110-1.090)
(0.800-3.650)
(0.050-0.850)
(0.980-11.990)

p<0.001
p=0.251
p=0.232
p=0.213
p=0.710

p=0.320
p=0.536
p=0.070
p=0.163
p=0.029
p=0.054

0.5 1 3 4

95%CI
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Table 2   Characteristics of patients in training and validation data set

Variables Total (n = 289) Training set (n = 201) Validation set (n = 88) p

Gender, n (%) 0.964
Female 185 (64) 128 (64) 57 (65)
Male 104 (36) 73 (36) 31 (35)
Age, median (Q1,Q3) 72 (68, 77) 71 (68, 76) 73 (68, 79.25) 0.120
Education, n (%) 0.855
Elementary grade 168 (58) 119 (59) 49 (56)
Medium grade 99 (34) 67 (33) 32 (36)
High grade 22 (8) 15 (7) 7 (8)
BMI, mean ± SD 24.3 ± 3.88 24.36 ± 3.55 24.16 ± 4.58 0.710
Preoperative NRS, median (Q1,Q3) 0 (0, 0) 0 (0, 0) 0 (0, 1) 0.150
Smoking, n (%) 0.684
No 226 (78) 159 (79) 67 (76)
Yes 63 (22) 42 (21) 21 (24)
Drinking, n (%) 0.981
No 228 (79) 158 (79) 70 (80)
Yes 61 (21) 43 (21) 18 (20)
Coronary heart disease, n (%) 0.044
No 250 (87) 168 (84) 82 (93)
Yes 39 (13) 33 (16) 6 (7)
Hypertension, n (%) 0.270
No 103 (36) 67 (33) 36 (41)
Yes 186 (64) 134 (67) 52 (59)
Diabetes, n (%) 0.692
No 224 (78) 154 (77) 70 (80)
Yes 65 (22) 47 (23) 18 (20)
MMSE, median (Q1,Q3) 28 (25, 29) 28 (26, 29) 27 (25, 29) 0.214
ACCI, median (Q1,Q3) 4 (3, 5) 4 (3, 5) 4 (3, 5) 0.974
FRAIL scale, median (Q1,Q3) 2 (0, 3) 2 (0, 3) 2 (1, 3) 0.722
Surgery type, n (%) 0.469
Hip replacement 49 (17) 34 (17) 15 (17)
Knee replacement 27 (9) 16 (8) 11 (12)
Femoral fracture 36 (12) 23 (11) 13 (15)
Lumbar fracture 177 (61) 128 (64) 49 (56)
ASA, median (Q1,Q3) 2 (2, 3) 2 (2, 3) 2 (2, 3) 0.402
Anesthesia duration, median (Q1,Q3) 160 (135, 195) 160 (135, 195) 160.5 (133.5, 195) 0.954
ICU admission, n (%) 0.581
No 265 (92) 186 (93) 79 (90)
Yes 24 (8) 15 (7) 9 (10)
POD, n (%) 0.953
No 255 (88) 178 (89) 77 (88)
Yes 34 (12) 23 (11) 11 (12)
Length of stay, median (Q1,Q3) 10 (8, 12) 10 (8, 12) 9.5 (8, 12) 0.726
B, median (Q1,Q3) 2.21 (2.07, 2.31) 2.21 (2.07, 2.3) 2.22 (2.07, 2.31) 0.879
LZCk-means, median (Q1,Q3) 0.92 (0.90, 0.93) 0.92 (0.90, 0.93) 0.92 (0.90, 0.93) 0.466
LZCmean, median (Q1,Q3) 0.92 (0.90, 0.93) 0.92 (0.90, 0.93) 0.92 (0.90, 0.93) 0.788
LZCmedian, median (Q1,Q3) 0.90 (0.88, 0.91) 0.90 (0.88, 0.91) 0.91 (0.89, 0.92) 0.348
LZCmid-point, median (Q1,Q3) 0.75 (0.74, 0.77) 0.75 (0.74, 0.77) 0.75 (0.73, 0.77) 0.462
A, median (Q1,Q3) 40.56 (26.58, 55.26) 40.56 (26.58, 55.26) 40.47 (26.88, 54.53) 0.872
AE, median (Q1,Q3) 1.15 (1.14, 1.15) 1.15 (1.14, 1.15) 1.15 (1.14, 1.15) 0.117
H, median (Q1,Q3) 0.60 (0.54, 0.65) 0.6 (0.54, 0.65) 0.61 (0.53, 0.65) 0.879
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Our findings suggest that low PLZC, a non-linear EEG 
feature, is an independent risk factor for POD. This com-
plements previous research by Kinoshita et al. which dem-
onstrated that intraoperative alpha-power, a linear EEG 
parameter, can also predict POD development [31]. Both 
approaches offer valuable insights into the neurophysi-
ological changes associated with POD, but they reflect 
different aspects of brain dynamics and may have distinct 
implications for clinical use. Intraoperative alpha-power 
primarily reflects cortical synchronization and is known 
to decrease with deeper levels of anesthesia and impaired 
brain function [32]. Higher alpha power during surgery has 
been associated with better brain health and lower POD 
risk [33]. The advantage of using alpha-power as a predic-
tor lies in its simplicity and interpretability, as it represents 

a well-established linear EEG metric that can be easily 
monitored with existing intraoperative EEG systems.

In contrast, PLZC is a non-linear measure that captures 
the complexity and randomness of brain dynamics, provid-
ing a broader perspective on neural information processing 
[34]. Unlike alpha-power, PLZC is sensitive to subtle, non-
linear interactions in the EEG signal that may be overlooked 
by linear metrics. A decrease in PLZC suggests reduced neu-
ral complexity, which could reflect impaired communica-
tion and adaptability within brain networks under anesthesia, 
thereby increasing the vulnerability to POD. The compu-
tation of PLZC, however, is more complex and requires 
advanced signal processing techniques, which may limit its 
immediate applicability in routine clinical settings. When 
comparing these two metrics, it is important to recognize 

Table 2   (continued)

Variables Total (n = 289) Training set (n = 201) Validation set (n = 88) p

HilEn, median (Q1,Q3) 5.21 (5.17, 5.26) 5.21 (5.17, 5.26) 5.20 (5.17, 5.26) 0.831
PE, median (Q1,Q3) 0.92 (0.92, 0.92) 0.92 (0.92, 0.92) 0.92 (0.92, 0.92) 0.036
r, median (Q1,Q3) 0.49 (0.25, 0.6) 0.49 (0.25, 0.6) 0.50 (0.25, 0.61) 0.806
SampEn, median (Q1,Q3) 1.17 (1.14, 1.22) 1.17 (1.14, 1.22) 1.18 (1.15, 1.23) 0.060
WE, median (Q1,Q3) 1.38 (1.33, 1.41) 1.38 (1.33, 1.41) 1.39 (1.33, 1.42) 0.927
PLZC, median (Q1,Q3) 0.64 (0.63, 0.64) 0.64 (0.63, 0.64) 0.64 (0.63, 0.64) 0.434

BMI body mass index; MMSE mini-mental state examination; NRS numeric rating scale; ACCI age-adjusted charlson comorbidity index; PLZC 
permutation Lempel–Ziv complexity; LZC Lempel–Ziv complexity; PE permutation entropy; SampEn sample entropy; AE approximate entropy; 
H hurst exponent, (H = (B-1) / 2); WE wavelet entropy; HilEn hilbert-yellow spectral entropy; r, fit correlation coefficient; A power-law scaling 
coefficient; B power-law exponent; POD postoperative delirium; ASA american society of anesthesiologists;  FRAIL fatigue, resistance, ambula-
tion, illness, and loss of weight scale; Notes:  LZCk-means: The signal is divided into two clusters using k-means clustering. A binary sequence is 
generated by assigning values based on the proximity to the centroids. The LZC is then computed for the resulting binary sequence, representing 
the complexity of the signal. LZCmean: The signal values are compared with the mean amplitude of the signal. A binary sequence is generated 
and its LZC is computed based on the number of unique subsequences. LZCmedian: The signal values are compared with the median amplitude. 
A binary sequence is created, and the LZC is calculated for the binary sequence. LZCmid-point: The signal values are compared with the midpoint 
between the minimum and maximum values of the signal. A binary sequence is generated, and the LZC is computed based on the sequence's 
complexity 

Fig. 4   Convolutional neural 
network-based analysis of EEG 
nonlinear feature index. A 
ROC curve analysis of the EEG 
nonlinear feature index in the 
training dataset. B ROC curve 
analysis of the EEG nonlinear 
feature index in the validation 
dataset
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that they capture different dimensions of brain function. 
Alpha-power provides a direct measure of spectral activity 
within a specific frequency band [35], while PLZC analyzes 
the temporal structure and complexity of the entire EEG sig-
nal. While alpha-power may be more practical for real-time 
monitoring, PLZC could offer additional predictive value by 
uncovering hidden neural dynamics associated with POD. 
This distinction suggests that combining linear and non-
linear features might yield a more comprehensive model for 
predicting POD, leveraging the strengths of both approaches.

Future research should investigate the integration of lin-
ear metrics such as alpha-power, with non-linear features 
like PLZC in predictive algorithms. This combined approach 
could improve the sensitivity and specificity of POD pre-
diction, ultimately guiding intraoperative interventions to 
optimize brain health and reduce the risk of POD. Addition-
ally, comparative studies are needed to evaluate the relative 
performance of these metrics across diverse patient popula-
tions and surgical settings.

Limitations

Although the findings of this study are promising, revealing 
lower EEG signal complexity in elderly orthopedic surgery 
patients as potential biomarkers for POD, some limitations 
persist. First, this single-center prospective study, focused 
solely on orthopedic surgery with a small sample size, has 
limited generalizability, necessitating large, independent, 
multicenter clinical trials to confirm the precise role of EEG 
nonlinear feature indices in patients with POD. Second, 
the study design was neither randomized nor propensity-
matched, potentially allowing unmeasured confounding fac-
tors to influence our results [36, 37]. Third, patients received 
various drugs affecting brain neuronal activity during anes-
thesia, and we were unable to control for the potential con-
founding effects of these medications. Finally, the exclusion 
of certain laboratory findings may introduce bias into the 
results.

Conclusions

This study indicates that the EEG nonlinear feature indices 
could serve as a biomarker for POD and may be utilized to 
develop a diagnostic model for predicting the occurrence 
of POD in elderly patients undergoing orthopedic surgery.
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