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Abstract
Introduction  Postoperative delirium (POD) adversely affects clinical outcomes among 
older adults undergoing spine surgery. However, existing predictive models often 
neglect multidimensional nature of delirium, including its clinical subtype, duration, 
severity, and timing. This study developed a multi-output Long Short-Term Memory 
(LSTM) neural network that integrates preoperative baseline characteristics and 
intraoperative acute stressors to predict multiple clinical dimensions of POD in elderly 
patients undergoing spinal surgery.

Methods  This prospective observational study included 536 patients aged 70 or 
older who underwent elective spine surgery between November 2019 and May 
2023. Comprehensive assessments were conducted during both the preoperative 
and intraoperative phases. The multi-output LSTM model incorporated preoperative 
baseline variables (demographic, frailty scores, cognitive function, medication count, 
and laboratory parameters) and intraoperative data (surgical invasiveness, duration of 
surgery and anesthesia, intraoperative fluid management, immediate postoperative 
medication use). Outcomes comprised delirium occurrence, subtype, duration, severity, 
and onset timing. Model performance was evaluated via accuracy, precision, recall, 
F1-score, and ROC curve analyses. SHapley Additive exPlanations (SHAP) analysis 
enhanced clinical interpretability.

Results  Using solely preoperative baseline data, the model demonstrated strong 
predictive performance with an overall AUC of 0.76, particularly for delirium occurrence 
(AUC = 0.68), the duration (AUC = 0.80), and severity (AUC = 0.79). Incorporating 
intraoperative data substantially enhanced model performance, increasing the overall 
AUC to 0.81, notably improving predictions for delirium subtype (AUC up to 0.84), 
duration (AUC = 0.81), and onset timing (AUC up to 0.87). SHAP analysis consistently 
identified frailty, polypharmacy, cognitive impairment, nutritional deficiencies, and 
acute perioperative factors—such as surgical invasiveness, pain management—as 
pivotal predictors across delirium dimensions.
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Introduction
Postoperative delirium (POD) is an acute cognitive disorder primarily characterized by 
memory deficits and impaired consciousness, typically occurring between 2 and 5 days 
after surgery [1, 2]. The incidence rates of POD ranges from 5% to 50% across cohort 
studies and increases substantially with advancing age [3]. Given the heightened vulner-
ability of older surgical patients, POD has emerged as a critical clinical concern in geriat-
ric perioperative care.

Spine surgery is among the most frequently performed surgical procedures in older 
adults, ranking among the top five in individuals aged 65 to 80 years [4]. According to 
two meta-analyses, POD incidence in older adults undergoing spine surgery is approxi-
mately 8% and 13%, respectively, although estimates vary across studies [5, 6]. The global 
rise in aging populations and advances in surgery have increased the number of spinal 
procedures among older adults [7], consequently expanding the population at risk for 
POD.

POD is associated with a wide range of adverse outcomes, including prolonged hos-
pital stays, higher readmission rates, and elevated healthcare expenditure [8]. Beyond 
these short-term effects, POD also poses adverse long-term risks. A prospective cohort 
study observed that older patients with POD following orthopedic surgery experienced 
greater declines in activities of daily living and higher mortality rates over a 24- to 
36-month follow-up period compared with those without POD [9]. Furthermore, recent 
meta-analyses indicate that POD is associated with subsequent cognitive decline [10] 
and an increased risk of dementia [11].

Approximately 30% to 40% of POD cases in older adults are preventable and reversible 
when timely interventions are implemented before onset [3]. Therefore, early prediction 
is crucial for reducing both the incidence and severity of POD. The identified risk factors 
for POD after spine surgery include advanced age, pain, and prolonged operative time 
[8].

Machine learning-based prediction models offer valuable tools for estimating POD 
risk and supporting preoperative screening in spine surgery patients, enabling tar-
geted interventions for high-risk individuals [12, 13]. However, most existing models 
have been developed for ICU or general inpatient populations and are not specifically 
designed for older adults undergoing spinal surgery [14]. A recent systematic review 
on machine learning-based POD prediction models observed that only 1 of 23 studies 
focused on spine surgery patients [15], highlighting a lack of tailored approaches for this 
growing population. Moreover, current models for spine surgery patients primarily pre-
dict POD occurrence, neglecting critical dimensions such as severity, onset timing, or 

Conclusion  The proposed multi-output LSTM model predicted multiple clinical 
dimensions of postoperative delirium, highlighting baseline health status as a primary 
determinant. Strategic integration of comprehensive baseline assessments with acute 
perioperative data substantially enhances predictive accuracy, informing personalized 
delirium prevention and management strategies for improved perioperative outcomes 
in older spine surgery patients.
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clinical subtypes [13]. This limitation results in an incomplete approach to comprehen-
sive risk assessment.

Identifying baseline patient conditions and vulnerabilities during the preoperative 
phase is crucial for early delirium risk assessment and establishing preventive strategies 
[16]. Additionally, evaluating acute physiological changes and medication use during 
the intraoperative phase facilitates more precise delirium prediction and individualized 
management [12]. Therefore, an integrated approach combining preoperative baseline 
factors and intraoperative acute stressors significantly enhances the strategic value of 
accurately predicting and managing not only the occurrence of delirium but also its clin-
ical subtypes, timing, and severity.

To address these gaps, we analyzed a prospectively enrolled cohort of spine-surgery 
patients aged seventy years or older, a methodological focus directly informed by the 
predisposing and precipitating risk factor framework established in a recent meta-anal-
ysis of geriatric spine surgery patients [6]. Although international guidelines provide 
varying definitions for the geriatric population, our selection of the seventy-year thresh-
old was guided by evidence showing that delirium incidence increases exponentially in 
this specific subgroup, reaching over 40% compared to younger geriatric cohorts [17]. 
Furthermore, large-scale spine-surgery data confirm that delirium is significantly more 
frequent in these older patients and is linked to increased length of stay and mortality, 
supporting the need for specialized prediction tools tailored to this highest-risk popula-
tion [18, 19]. By prospectively validating variables identified as significant predictors in 
prior systematic reviews, such as preoperative opioid use and operative time, we aimed 
to refine risk stratification and optimize clinical outcomes for this vulnerable surgical 
group.

This study aimed to develop a prediction model specifically tailored to older adults 
undergoing spine surgery using a long short-term memory (LSTM) neural network. The 
LSTM network captures temporal dependencies in clinical data, which are essential for 
modeling sequential patterns influencing patient outcomes over time [12, 20]. The pro-
posed model utilized data from both the preoperative phase—including baseline patient 
conditions such as demographic variables, functional status, frailty scores, medication 
use, and laboratory results—and intraoperative phase, which incorporated preopera-
tive phase data in conjunction with acute surgical stressors such as surgical invasiveness, 
intraoperative hemodynamic instability, and immediate postoperative medication use. 
This multi-phase approach was designed to estimate POD risk and predict its clinical 
subtypes, duration, severity, and onset timing, thereby enabling more refined risk strati-
fication and supporting individualized perioperative management.

Methods
Ethics approval

This was a secondary analysis of a previous prospective observational study that primar-
ily focused on postoperative delirium and was approved by the local institutional review 
board (Severance Hospital 4-2019-0654; ClinicalTrials.gov Identifier: NCT04120272). 
All participants provided written informed consent.
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Research design and participants

This prospective observational study was performed at an academic tertiary hospital in 
South Korea between November 2019 and May 2023. Participants were patients aged 
70 years or older scheduled for elective spinal surgery. Prior to enrollment, cognitive 
screening using the Mini-Mental State Examination for Dementia Screening (MMSE-DS 
[21]) resulted in the initial recruitment of 600 cognitively intact individuals. Exclusion 
criteria were rigorously applied, resulting in the exclusion of 64 participants. These cri-
teria included cognitive impairment as defined by the MMSE-DS, diagnosis of malig-
nancy within the previous five years, illiteracy or significant language impairment, a 
documented history of neurological conditions (e.g., seizures, stroke, dementia), con-
firmed alcoholism or substance abuse disorders, and planned surgical procedures with 
an expected duration of less than two hours. This operative-time criterion was applied 
to focus on major elective spine procedures with more comparable anesthesia exposure 
and perioperative physiological stress, given that longer operative duration is a well-
established risk factor for postoperative delirium in older surgical patients and has also 
been identified as a relevant factor in spine-surgery populations [1, 18, 22]. This selection 
process resulted in an initial analytic cohort of 536 patients, as summarized in Fig. 1.

Data collection

POD evaluations were systematically performed twice daily from postoperative days 1 
to 3 and subsequently once daily from postoperative days 4 to 7. Trained nursing staff 
administered the confusion assessment method (CAM) [23]. Positive delirium assess-
ments identified by nurses were confirmed via subsequent evaluations by experienced 
physicians, who finalized patient assignments to the delirium cohort. Additionally, delir-
ium severity and symptomatic presentations were comprehensively evaluated using the 
Korean adaptation of the Delirium Rating Scale–Revised-98 (K-DRS-R-98 [24, 25]).

The study aimed to accurately predict five distinct POD results: the occurrence of 
delirium (absence or presence), clinical subtype (no delirium, hyperactive, hypoactive, 
or mixed-type), duration (categorized as no delirium, 1 day, 2 days, 3 days, or 4 or more 
days), severity based on K-DRS-R-98 scores (normal < 15, mild-to-moderate delirium 

Fig. 1  Flowchart of participant selection and propensity score matching

 



Page 5 of 19You et al. BioData Mining           (2026) 19:31 

15–25, severe delirium ≥ 26), and onset timing (no delirium, onset on the day of surgery, 
or onset occurring after postoperative day 1).

To provide a multi-dimensional representation of patient risk, we compiled a compre-
hensive dataset encompassing demographic characteristics, preoperative functional sta-
tus, intraoperative physiological stressors, and an extensive panel of laboratory results. 
These variables were strategically selected based on their established clinical relevance 
to geriatric perioperative outcomes and recognized risk factors for postoperative delir-
ium [3, 26]. Specifically, we incorporated geriatric-specific domains—such as frailty, 
cognitive function, and nutritional status—to establish a robust baseline of preoperative 
vulnerability [27, 28]. The complete list of variables, categorized by their respective clini-
cal domains and data sources, is detailed in Supplementary Table 1.

Incremental predictive value of perioperative clinical data

To accurately assess the incremental predictive value of perioperative clinical variables, 
data collection was explicitly categorized into two clearly defined phases (Table 1). The 
preoperative phase comprised baseline patient characteristics, including sociodemo-
graphic variables, functional assessments such as frailty levels (FRAIL scale), activities 
of daily living (K-ADL), instrumental activities of daily living (K-IADL), detailed medi-
cation profiles, and comprehensive laboratory findings. In this study, the intraoperative 
phase extended the preoperative dataset by adding day-of-surgery variables and intra-
operative measurements, including surgical invasiveness, intraoperative hemodynamic 
variability, quantified blood loss, meticulous fluid balance tracking, and immediate post-
operative analgesic interventions.

To quantify the incremental predictive value across clinical periods, we implemented 
the phase-specific multi-output architecture using structured feature sets. While 
intraoperative physiologic data were available as high-frequency records, they were 
represented as fixed-length aggregated feature vectors for model input. Specifically, 
hemodynamic variables were summarized using extreme values and body temperature 
as the maximum value within the surgical window. Additional intraoperative stressors, 

Table 1  Variables included in the prediction model development
Category Number of 

variables
Examples Data collec-

tion phase
General characteristics 20 Age, Sex, BMI, Education, Marital Status Preoperative

Clinical characteristics 6 ASA Score, CCI, Operative Level Preoperative & 
Intraoperative 
(Day of Surgery)

Preoperative functional status 6 K-FRAIL, GDSSF-K, MNA-S, K-ADL, K-IADL Preoperative

Vital signs 19 Highest SBP, Lowest DBP, Body Temperature Preoperative & 
Intraoperative

Pain assessment 6 NRS pain scores (rest/movement) Intraoperative

Postoperative analgesic use 9 Total Opioid via IV PCA, Additional Analgesics Intraoperative

Intraoperative intake/output 4 Intake (mL), Output (mL), Blood Loss (mL) Intraoperative

Postoperative complications 1 Other complications Intraoperative

Laboratory data 41 CBC, ESR, CRP, Glucose, BUN, Creatinine, 
Electrolytes

Preoperative

Note: POD = Postoperative day; ASA = American Society of Anesthesiologists; BMI = Body Mass Index; CCI = Charlson 
Comorbidity Index; K-FRAIL = Korean FRAIL scale; GDSSF-K = Geriatric Depression Scale Short Form (Korean); MNA-S = Mini 
Nutritional Assessment Short Form; K-ADL = Korean Activities of Daily Living; K-IADL = Korean Instrumental Activities of 
Daily Living; SBP = Systolic Blood Pressure; DBP = Diastolic Blood Pressure; NRS = Numeric Rating Scale; IV PCA = Intravenous 
Patient-Controlled Analgesia; CBC = Complete Blood Count; ESR = Erythrocyte Sedimentation Rate; CRP = C-Reactive 
Protein; BUN = Blood Urea Nitrogen
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including anesthesia duration, estimated blood loss, fluid balance, and cumulative anal-
gesic administration, were incorporated as patient-level scalars. Because the models 
were trained on these aggregated representations rather than multi-time-step wave-
forms, sequence-related preprocessing such as padding, truncation, or duration-based 
standardization was not required. This structured input format enabled a stable com-
parison of feature attributions across the preoperative and intraoperative phases.

Variables reflecting anesthetic exposure and its physiological correlations (e.g., dura-
tion of anesthesia, intraoperative hemodynamics, and postoperative opioid administra-
tion) were extracted and included as candidate predictors (Supplementary Table 1).

Data processing

Data preprocessing included categorizing variables as either continuous or categori-
cal. Outliers in continuous variables were adjusted using the interquartile range (IQR) 
method [29]. Regarding missing data, the majority of clinical and demographic variables 
exhibited minimal missingness (less than 2%). For these and other continuous laboratory 
parameters, missing values were imputed using the median, while categorical variables 
were imputed using the mode. This approach is a validated strategy in clinical machine 
learning to maintain the total sample size (N = 536 before PSM matching) while preserv-
ing the underlying data distribution. Continuous variables were standardized with Stan-
dardScaler to enhance the stability and convergence of the multi-task LSTM model [30].

Propensity score matching and analytic dataset

To mitigate potential confounding bias and ensure baseline comparability between delir-
ium and non-delirium groups, propensity score matching (PSM) was performed. This 
statistical method pairs participants from the delirium group with those from the non-
delirium group based on similarity in baseline demographic and clinical characteristics, 
facilitating more precise evaluation of delirium results. Patients diagnosed with delirium 
(n = 95) were matched in a 1:1 ratio with 95 non-delirium controls drawn from the initial 
cohort of 536 older adults undergoing spine surgery. Matching used propensity scores 
based on key baseline covariates: age, gender, frailty index, functional assessments 
(ADL, IADL), cognitive function (MMSE), nutritional status (MNA), medication count, 
and laboratory parameters. Propensity scores were estimated using baseline covariates 
only, and all predictors were defined using measurements obtained prior to delirium 
outcome ascertainment. This approach effectively balanced covariates across groups, 
thereby enhancing the internal validity of the subsequent analyses [31, 32]. Importantly, 
the PSM-matched cohort (n = 190) was used as the analytic dataset for both model 
development (training) and evaluation (testing/validation). Model training and internal 
validation were conducted using an 80:20 training–validation split within the matched 
cohort. Following PSM, separate datasets were created for the preoperative and intraop-
erative phases to evaluate incremental predictive performance associated with the avail-
ability of additional perioperative data. To align with the sequential prediction design, 
covariate balance was reported separately by phase. Supplementary Table 2A summa-
rizes preoperative baseline variables, including laboratory values obtained before sur-
gery. Supplementary Table 2B summarizes variables available on the day of surgery and 
during surgery, including acute perioperative stressors and laboratory values measured 
during the intraoperative phase, which may differ from preoperative baselines. Detailed 
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results of the matching process and covariate balance assessments are provided in the 
supplementary material (Supplementary Table 2A-2B), demonstrating the effectiveness 
and appropriateness of the employed PSM methodology [33].

Multi-output LSTM model implementation

A multi-output LSTM neural network was developed to predict five postoperative 
delirium outcomes: occurrence, motor subtype, duration, severity, and onset timing in 
older adults undergoing spine surgery. To ensure balanced comparison and mitigate 
confounding, we established a cohort using propensity score matching (PSM), resulting 
in 95 delirium cases and 95 matched non-delirium controls (N = 190). As illustrated in 
Fig. 2, we implemented a phase-specific multi-output LSTM framework that utilizes a 
feature-to-sequence transformation to integrate heterogeneous clinical data.

To support multi-dimensional delirium prediction under modest sample sizes, we 
implemented a multi-task LSTM framework. While newer architectures such as Trans-
formers offer high modeling capacity, recurrent baselines like LSTM are often preferred 
for clinical cohorts of modest size to mitigate the risk of overfitting while maintain-
ing stable joint optimization across concurrent tasks [34]. Specifically, for the pre-
operative model, the 127 structured variables were concatenated into a feature vector 
Vpre ∈ R127. This vector was then reshaped into a three-dimensional tensor of (1,127), 
treating the clinical snapshot as a single-step sequence. Similarly, for the intraoper-
ative-phase model, 135 variables were transformed into a (1, 135) input tensor, treat-
ing each clinical snapshot as a single-step sequence. We retained an LSTM backbone to 
provide a shared representation across tasks and to support stable joint optimization in 
the multi-output setting, consistent with multitask learning principles and established 
clinical time-series benchmarks [35]. This representation allows the shared LSTM layer 
with 64 units and hyperbolic tangent activation to function as a high-dimensional fea-
ture extractor, capturing non-linear interactions across the entire feature set within a 
single temporal gate [35–37]. This shared layer connected to task-specific dense layers 
tailored to each delirium-related outcome. The optimization of the multi-task LSTM 
model was conducted using task-specific loss functions and probability thresholds. The 
primary delirium occurrence output utilized a Sigmoid activation function paired with 
Binary Cross-Entropy loss, with a standard classification threshold of 0.5. In contrast, 
the secondary outcomes were modeled using Softmax activation and Categorical Cross-
Entropy loss, with predictions determined by the maximum class probability.

Fig. 2  Phase-specific multi-task LSTM framework with soft conditional gating
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To minimize bias from class imbalance, particularly for motor subtypes, a class-
weighted loss strategy was implemented. The final optimization utilized a joint loss 
function, defined as the sum of individual task-specific losses, allowing for a stable and 
shared feature representation across all delirium-related dimensions. Model optimiza-
tion involved a systematic grid search of hyperparameters, including L2 regularization 
(10− 7 to 10− 1), dropout rates, and learning rates. The model was trained with a stratified 
80:20 training–validation split based on the primary outcome, ensuring the 1:1 matched 
ratio was maintained across sets [14, 38].　The final hyperparameter settings and the 
specific class distributions for all five outputs are detailed in Supplementary Table 3. 
Early stopping was implemented after twenty epochs without improvement to ensure 
robustness and prevent overfitting.　A key feature was a soft conditional gating mecha-
nism, whereby secondary results were dynamically scaled by the primary delirium prob-
ability, maintaining clinical coherence and enabling effective model optimization [39, 
40]. The integrated multi-task design enhanced predictive accuracy and provided clini-
cally actionable insights beyond traditional binary assessments [41, 42].

Performance metrics and interpretation

The multi-task LSTM model was evaluated using several key metrics, including classi-
fication accuracy, precision, recall, F1-score, and the Area Under the Receiver Operat-
ing Characteristic Curve (AUC-ROC). ROC curve analysis enabled visual assessment of 
predictive performance consistency across perioperative phases. Additionally, SHapley 
Additive exPlanations (SHAP) analysis quantified the relative importance of clinical pre-
dictors, improving interpretability and clinical relevance.

Results
Demographic and clinical characteristics

A total of 536 older adults who underwent spine surgery were included in the final anal-
ysis. The median participant age was 75 years (interquartile range [IQR]: 72–78 years), 
with 342 (63.8%) being female. Baseline demographic and clinical characteristics, includ-
ing the frailty index, activities of daily living (ADL), instrumental activities of daily liv-
ing (IADL), mini nutritional assessment (MNA) scores, cognitive function assessed by 
the mini-mental state examination (MMSE), baseline medication count, and key surgical 
characteristics are summarized in Table  2. Statistically significant differences between 
the delirium and non-delirium groups were observed in age (p = 0.027) and MNA scores 
(p = 0.023). No significant differences were found in other baseline demographic or clini-
cal characteristics.

Propensity score matching

Propensity score matching (PSM) yielded a balanced analytic cohort comprising 95 
delirium cases and 95 matched non-delirium controls. Preoperative baseline balance 
was assessed using absolute standardized mean differences (|SMD|) and group compari-
sons (Supplementary Table 2A). Overall balance was acceptable, with 52 of 69 variables 
achieving |SMD| <0.10 and 66 of 69 achieving |SMD| <0.20. A small number of covari-
ates showed residual imbalance, most notably vision impairment (|SMD|=0.235), ciga-
rettes per day (|SMD|=0.233), and serum sodium (|SMD|=0.228).
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Intraoperative-phase variables, including day-of-surgery/intraoperative measures and 
perioperative laboratory values up to the immediate postoperative period, were evalu-
ated separately (Supplementary Table  2B). Overall balance remained acceptable, with 
most variables achieving |SMD| < 0.20 and no variables exceeding |SMD| ≥ 0.20; the 
largest residual imbalance was observed for [variable] (|SMD|=[value]).

Overall model performance

The predictive performance of the multi-output LSTM model was systematically 
assessed across two distinct perioperative phases, reflecting incremental availability of 
clinical data: (1) the preoperative phase, using baseline clinical variables exclusively, and 
(2) the intraoperative phase, integrating baseline, intraoperative, and immediate post-
operative clinical data. Comprehensive performance metrics, including accuracy, preci-
sion, recall, F1-score, and area under the receiver operating characteristic curve (AUC) 
with 95% confidence intervals (CIs) are presented in Table 3. The corresponding receiver 
operating characteristic (ROC) analyses and AUC curves for each perioperative phase 
are illustrated in Table 4, while detailed class-specific performance metrics are provided 
in Supplementary Table 4.

During the preoperative phase, the multi-output LSTM model demonstrated mean-
ingful predictive capability with an overall AUC of 0.76 (95% CI, 0.73–0.79). Notably, 
delirium occurrence achieved an AUC of 0.68, underscoring the relevance of baseline 
demographic, functional, and clinical factors. Furthermore, clinical subtype predictions 
exhibited robust performance (AUC 0.82), highlighting the substantial predictive value 
of baseline data in distinguishing delirium subtypes. Duration and severity predictions 
were similarly effective, with AUC values of 0.80 and 0.79, respectively, while onset tim-
ing predictions provided good discriminative capability with an AUC of 0.78.

Table 2  Baseline demographic and clinical characteristics of study participants
Delirium (N = 95) Non-delirium (N = 441) p-value

Age(year) 76 (73, 79) 75(72, 78) 0.027*

Sex(M/F) 30/65 (31.6%) 164/277 (37.2%) 0.637

Height(cm) 154.0 (150.4, 162.5) 154.5 (150.0, 161.5) 0.721

BMI 24.09 (21.66, 26.56) 24.21 (22.90, 26.58) 0.305

Charlson Comorbidity Index 4.0 (4.0, 5.0) 4.0 (3.0, 4.5) 0.052

Frailty index 4.0 (2.0, 8.0) 3.0 (1.0, 5.0) 0.089

Geriatric Depression Scale 2.0 (1.0, 3.0) 2.0 (1.0, 3.0) 0.159

ADL 7.0 (7.0, 8.0) 7.0 (7.0, 7.0) 0.081

IADL 11.0 (10.0, 16.0) 10.0 (10.0, 13.0) 0.054

Mini Nutritional Assessment 12.0 (10.0, 13.5) 13.0 (12.0, 14.0) 0.023*

Education 0.640

  0–3 years 12 (12.6%) 42 (9.5%)

  4–6 years 32 (33.7%) 145 (32.9%)

  7–12 years 40 (42.1%) 187 (42.4%)

  Over 13 years 11 (11.6%) 67 (15.2%)

Baseline Medication Count 7.0 (5.0, 11.0) 6.0 (3.0, 10.0) 0.090

MMSE 27.0 (25.5, 29.0) 27.0 (26.0, 29.0) 0.203

Surgical Complexity Level 2.0 (1.0, 3.0) 1.0 (1.0, 2.0) 0.064

Duration of Surgery (min) 176.0 (128.5, 221.0) 168.0 (125.5, 228.5) 0.966
Note: Values are presented as the median (Q1, Q3) or number of patients (%)

* p-value for the Mann-Whitney U analysis for continuous or ordinal variables and the chi-square test or Fisher’s exact test 
for categorical variables, as appropriate BMI, Body Mass Index; ADL, Activities of Daily Living score; IADL, Instrumental 
Activities of Daily Living; MMSE, Mini-Mental State Examination
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The intraoperative phase, incorporating intraoperative and immediate postoperative 
clinical data, substantially enhanced the predictive performance of the model, elevat-
ing the overall AUC to 0.81 (95% CI, 0.78–0.84). The delirium occurrence prediction 
improved, achieving an AUC of 0.74 with increased accuracy (0.68) and precision (0.69) 
Clinical subtype predictions showed further refinement with an AUC of 0.84, highlight-
ing the significant contribution of acute perioperative data. Notably, severity and onset 
timing predictions showed significant enhancement, both achieving an AUC of 0.87, 
further validating the exceptional predictive capacity of the model through integrated 
perioperative data.

SHAP importance analysis

The SHAP method enhanced the clinical interpretability of the multi-output LSTM 
model by identifying key predictors for each outcome. The top 20 clinical features for 
each outcome were analyzed, comparing results from the preoperative and intraopera-
tive phases (Table 5).

Delirium occurrence  In the preoperative phase, key predictors for delirium occurrence 
included the frailty index (FRAIL), medication count (med_count), alkaline phosphatase 
(alk_phosphatase), IADL, and large unstained cells count (luc_num). FRAIL and med_
count showed the most substantial predictive impact, indicating that baseline frailty and 
polypharmacy significantly contribute to delirium risk, reflecting underlying patient 
vulnerabilities [43]. In the intraoperative phase, FRAIL and IADL remained essential 
predictors. Concurrently, preoperative chloride level (Cl), additional narcotic analgesic 
administration on the day of surgery (extra_narc0_count), and lowest preoperative sys-
tolic blood pressure (lowest sbp) also emerged as significant predictors. Low chloride 
levels may reflect electrolyte imbalances leading to neurological instability [3], and nar-
cotic analgesics can exacerbate delirium risk by affecting central nervous system func-
tions [43]. These findings suggest that baseline health status remains crucial, with acute 
perioperative factors incrementally enhancing delirium prediction.

Clinical subtype  In the preoperative phase, key features for predicting clinical subtypes 
included medication count, FRAIL, Mini Nutritional Assessment (MNA), renal function 

Table 3  Performance metrics of multi-output LSTM model by clinical period
Phase Output Accuracy Recall Precision F1-score AUC(95% CI)
Preoperative
Phase

Overall 0.61 0.61 0.59 0.57 0.76 (0.73–0.79)

Delirium Occurrence 0.58 0.58 0.58 0.58 0.68 (0.60–0.75)

Clinical Subtype 0.59 0.59 0.63 0.57 0.82 (0.77–0.86)

Duration 0.53 0.53 0.33 0.40 0.80 (0.75–0.84)

Severity 0.58 0.58 0.62 0.59 0.79 (0.73–0.85)

Onset Timing 0.76 0.76 0.83 0.71 0.78 (0.73–0.83)

Intraoperative
Phase

Overall 0.64 0.65 0.63 0.59 0.81(0.78–0.84)

Delirium Occurrence 0.68 0.68 0.69 0.68 0.74 (0.67–0.81)

Clinical Subtype 0.61 0.61 0.74 0.61 0.84 (0.80–0.88)

Duration 0.61 0.61 0.49 0.56 0.81 (0.76–0.85)

Severity 0.55 0.55 0.59 0.59 0.87 (0.82–0.91)

Onset Timing 0.74 0.74 0.71 0.67 0.87 (0.83–0.91)
Note: AUC, area under the receiver operating characteristic curve; CI, confidence interval. Multi-output/class targets where 
metrics are reported as weighted averages to account for class support
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Table 4  ROC curves for multi-output LSTM model by clinical period
Preoperative phase Intraoperative phase

Delirium Occurrence

Clinical Subtype

Duration

Severity

Onset timing
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Table 5  SHAP importance for multi-output LSTM model by clinical period
Preoperative phase Intraoperative phase

Delirium Occurrence

Clinical Subtype

Duration

Severity

Onset Timing
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(eGFR_ckd, eGFR_mdrd2), cognitive function (MMSE), and IADL. The high importance 
of polypharmacy, frailty, and impaired nutritional and cognitive states emphasizes the 
role of baseline patient conditions in shaping delirium clinical presentation [44]. During 
the intraoperative phase, FRAIL, MNA, MMSE, age, and IADL continued to show strong 
importance, emphasizing further the critical impact of baseline vulnerability, while age 
emerged as additionally substantial, highlighting the amplified vulnerability of older 
patients under acute surgical stress.

Duration  In the preoperative phase, FRAIL, medication count, IADL, MNA, renal func-
tion (eGFR_ckd), mean platelet volume (mpv), and cognitive function (MMSE) were pre-
dictive of delirium duration, reinforcing the critical role of baseline frailty, polypharmacy, 
and functional status in predicting prolonged delirium episodes. In the intraoperative 
phase, FRAIL, medication count, surgical invasiveness (op_level2), lowest preoperative 
systolic blood pressure, MMSE, and MNA remained important. Surgical invasiveness 
and low systolic blood pressure, indicating acute stress and possible cerebral hypoper-
fusion, emerged as additional factors influencing delirium duration [45]. Nevertheless, 
baseline health remained a primary determinant of delirium duration.

Severity  Preoperatively, medication count, IADL, MMSE, MNA, FRAIL, and blood urea 
nitrogen (bun) were predominant predictors, indicating the strong correlation between 
baseline cognitive, functional, nutritional, and frailty status with delirium severity. In the 
intraoperative phase, medication count, IADL, FRAIL, surgical invasiveness, preopera-
tive chloride, and the inflammation marker CRP emerged as significant. Elevated CRP 
levels likely indicate acute neuroinflammation that exacerbates delirium severity [46]. 
Therefore, baseline patient vulnerability and acute inflammatory responses collectively 
influence delirium severity.

Onset timing  In the preoperative phase, FRAIL, medication count, MNA, IADL, mean 
platelet volume (mpv), large unstained cells count (luc_num), and depression score (GDS) 
were key predictors [47]. Elevated platelet activation and white blood cell count indicates 
chronic inflammation and underlying vascular dysfunction, potentially accelerating delir-
ium onset [48]. In the intraoperative phase, FRAIL, MNA, medication count, MMSE, sur-
gical invasiveness, preoperative chloride (Cl), CRP, and total bilirubin (t_bilirubin) were 
prominent predictors. Elevated CRP and bilirubin levels during acute surgical stress may 
trigger rapid metabolic and neurological disturbances, hastening delirium onset [46]. 
Nevertheless, baseline conditions remained strong predictors for onset timing.

Discussion
This study provides robust evidence demonstrating the efficacy of a multi-output LSTM 
neural network in accurately predicting various clinical dimensions of POD, including 
its occurrence, clinical subtype, duration, severity, and onset timing. By integrating data 
across distinct perioperative phases, notably preoperative baseline and intraoperative 
periods, the model achieved significant predictive precision.

Analysis limited to preoperative baseline clinical data alone demonstrated substantial 
predictive performance, reflected by an overall AUC of 0.76 (95% CI, 0.73–0.79). These 
outcomes highlight the foundational significance of baseline patient health metrics, such 
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as frailty, polypharmacy, cognitive function, nutritional status, and functional impair-
ments, in delineating risk profiles for delirium. Consistently, these baseline parameters 
were strong predictors of delirium susceptibility, clinical course, and outcomes, aligning 
closely with existing literature [43, 44].

Including intraoperative and immediate postoperative variables markedly augmented 
the predictive capability of the model, enhancing the overall AUC to 0.81 (95% CI, 0.78–
0.84). This increment highlights the significant contribution of acute perioperative fac-
tors—including surgical invasiveness, duration of anesthesia and surgery, intraoperative 
pain management, and immediate postoperative pharmacological interventions—to 
improving prediction accuracy and refining risk stratification [43, 45, 46]. Neverthe-
less, despite these enhancements, baseline conditions retained strong predictive value, 
reinforcing their fundamental role in determining delirium outcomes. Notably, baseline 
frailty, cognitive impairments, polypharmacy, and nutritional deficiencies remained piv-
otal predictors across both perioperative phases.

These findings support and extend existing research underscoring the incremental 
predictive value of integrating multiple perioperative clinical phases, confirming that 
the addition of intraoperative data significantly enhances the precision and reliability of 
delirium predictions [48, 49]. Importantly, this study emphasizes the key role of baseline 
vulnerabilities in shaping delirium outcomes. Therefore, a strategic combination of com-
prehensive preoperative assessments and meticulous intraoperative monitoring emerges 
as critical for tailored delirium prevention and management protocols, ultimately opti-
mizing clinical outcomes for elderly patients undergoing spine surgery.

Given that frailty, polypharmacy, cognitive impairment, nutritional vulnerability, and 
functional limitations were consistently important predictors, these geriatric domains 
may be used for pragmatic preoperative risk stratification to inform targeted delirium-
prevention strategies. This is consistent with prior work highlighting the importance of 
preoperative comprehensive geriatric assessment (CGA) in delirium prevention among 
older surgical patients [50]. Evidence evaluating CGA as a preoperative intervention has 
reported lower postoperative delirium incidence across several surgical populations, 
including orthopedic surgery (5.6% vs. 18.5%) [51], vascular surgery (11% vs. 24%) [52], 
and elective colorectal surgery (11% vs. 29%) [53]. Notably, we found that frailty was 
consistently among the most influential features in the SHAP-derived feature impor-
tance results, suggesting that frailty-focused screening may be particularly informative 
for preoperative risk stratification and targeted delirium prevention. Consistent with 
this, multiple meta-analyses show that preoperative frailty is associated with a higher 
risk of postoperative delirium across surgical populations [54–56]. Collectively, these 
findings support incorporating frailty-focused screening within CGA-based preopera-
tive workflows to more effectively identify high-risk patients and guide delirium-preven-
tion strategies.

In practice, patients identified as high risk may benefit from an intensified delirium-
prevention pathway and closer perioperative surveillance. Multicomponent nonphar-
macologic prevention programs and perioperative reviews support structured screening 
and bundled prevention approaches in older surgical patients [1, 57]. Importantly, our 
SHAP analysis highlighted intraoperative predictors such as additional narcotic admin-
istration and hemodynamic vulnerability (e.g., lower systolic blood pressure), which can 
be translated into actionable targets: adopting opioid-sparing, multimodal analgesia with 
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avoidance of excessive sedation, and proactive hemodynamic optimization to minimize 
hypotension. Spine-surgery–specific evidence has linked intraoperative hypotension and 
intraoperative opioid use to postoperative delirium risk, and broader perioperative data 
also suggest that higher intraoperative opioid exposure may increase delirium risk in 
susceptible older patients [58, 59]. Accordingly, targeted measures may include height-
ened delirium screening during the first 48–72 h, careful medication review to minimize 
deliriogenic agents, opioid-sparing pain management, early mobilization, sleep promo-
tion, and orientation support [1].

Nonetheless, several limitations should be considered regarding the findings of this 
research.

First, the model showed robust internal performance, external validation in indepen-
dent, multi-center cohorts is necessary to establish generalizability. This study analyzed 
a single-center prospectively enrolled cohort restricted to elective spine-surgery patients 
aged seventy years or older. While this targeted approach may appear to limit applicabil-
ity, it represents a deliberate methodological strategy to enhance predictive precision by 
focusing on the highest-risk population where delirium signals are most concentrated. 
Rather than utilizing expansive big data which often introduces substantial confound-
ing noise and clinical heterogeneity, we prioritized the model’s discriminative power 
through rigorous variable control within a homogeneous high-risk group. This design 
aligns with established evidence indicating that advanced age and prolonged operative 
time are among the most critical risk factors for delirium in geriatric spine surgery [6]. 
By excluding procedures with an expected duration of less than two hours, we aimed 
to maximize internal validity for major surgical stressors and provide more reliable risk 
stratification for the most vulnerable patients who stand to benefit most from early 
intervention.

Second, despite propensity score matching, residual confounding from unmeasured 
or imperfectly captured perioperative factors may remain. In addition, the number of 
POD events—particularly for multi-output targets such as subtype, severity, duration, 
and timing—was relatively limited, and the matching-related reduction in sample size 
may have increased uncertainty and reduced model stability. Because the model was 
developed and internally validated within the PSM-matched cohort, the reported per-
formance reflects internal validity within this matched analytic sample and should be 
interpreted cautiously in terms of broader generalizability. Subtype prediction should 
be interpreted cautiously because subtype classes were imbalanced. Although class-
weighted loss was applied to mitigate imbalance, estimates and performance metrics 
may be less stable for the Hypoactive subtype, increasing the risk of both type I and type 
II errors. Larger cohorts with sufficient subtype counts are needed for external valida-
tion and potential recalibration of subtype prediction.

Third, the primary limitation of this study remains the omission of high-resolution 
intraoperative physiological monitoring data within the feature engineering framework. 
Specifically, dynamic fluctuations in mean arterial pressure and end-tidal carbon diox-
ide were not integrated despite their critical roles in maintaining cerebral perfusion 
and oxygen saturation [60]. At our institution, these parameters were strictly managed 
according to standardized anesthetic protocols to ensure hemodynamic stability and 
patient safety. This high level of standardization resulted in minimal inter-patient vari-
ance and likely reduced discriminative power for machine learning prediction. While 
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such standardized care is essential for postoperative cognitive protection [61], our analy-
sis identified supplementary narcotic administration as a more decisive pharmacologi-
cal trigger for delirium occurrence and severity [62]. This underscores the necessity for 
future research utilizing high-frequency waveform data to more effectively capture these 
complex and heterogeneous clinical interactions.

In addition, retrospective external validation was not feasible within the scope of this 
study because the model relied on a prospective, protocolized dataset with geriatric 
domains that are not routinely captured in many perioperative datasets, which limits 
external harmonization. Future large-scale, multi-center prospective studies with stan-
dardized variable definitions and measurement timing are warranted to enable rigorous 
external validation and calibration assessment, as well as model updating and evaluation 
of longer-term outcomes and cost-effectiveness.

Our findings support integrating baseline geriatric vulnerabilities with perioperative 
acute stressors for more tailored delirium prevention in older spine-surgery patients, 
while multi-center validation remains a key next step for broader implementation.

Conclusions
In conclusion, this study demonstrates that a multi-output LSTM model can simulta-
neously forecast key clinical dimensions of postoperative delirium by integrating peri-
operative data. Baseline health status remains a critical determinant, underscoring the 
value of thorough preoperative evaluation. Therefore, combining baseline assessments 
with acute perioperative data significantly enhances the precision and clinical relevance 
of delirium prediction, paving the way for more personalized, targeted, and effective 
perioperative care strategies in older surgical populations.
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