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We investigated the relationship between prefrontal functional connectivity of oxyhemoglobin 
and outcomes in sepsis-associated encephalopathy (SAE). Additionally, we developed a prognostic 
method for patients with SAE. A total of 40 consecutive patients with SAE were prospectively 
included. Cerebral oxyhemoglobin data were obtained using functional near-infrared spectroscopy. 
Functional connectivity such as density was evaluated as the strength of the temporal correlation 
between channels based on Pearson’s correlation coefficient of oxyhemoglobin. We obtained clinical 
information and evaluated severity scores using Acute Physiology and Chronic Health Evaluation 
(APACHE) III. Outcomes were evaluated using the modified Rankin Scale (mRS) at discharge. Patients 
were categorized into two groups: good outcome (mRS 0–3), and poor outcome (mRS 4–6). Among 
the patients with SAE, 17 (42.5%) had good outcomes. Regarding connectivity analysis, density values 
were significantly higher in good outcome groups at all threshold values. The developed predictive 
method of good outcomes using the density value at a threshold of 0.6 and the APACHE III score 
showed very good predictive power (area under the curve 0.951 [95% confidence interval 0.893–1.00]). 
This method had better discrimination powers for predicting outcome than density had at 0.6 (0.716 
[0.557–0.876]; P = 0.04) or the APACHE III score had alone (0.857 [0.735–0.979]; P = 0.09). A higher 
functional connectivity value of oxyhemoglobin in the prefrontal connectivity analysis was associated 
with good outcomes in SAE. Functional connectivity analysis of the prefrontal cortex and sepsis 
severity may help predict the prognosis in SAE patients.
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Sepsis is a critical medical condition caused by the host response to an infection, resulting in extensive systemic 
inflammation or failure of multiple organs1–5. Neurological manifestations of sepsis range from delirium or 
altered mental status to focal neurological dysfunction, seizure, or coma6–9. This acute encephalopathy, occurring 
in a course of sepsis, is called sepsis-associated encephalopathy (SAE), and is often related with poor clinical 
outcomes3,6–8. The underlying mechanisms of SAE are poorly understood and include a complex interplay of 
inflammatory responses, microscopic brain injury, disruption of the blood–brain barrier (BBB), compromised 
cerebral microcirculation, and infection-induced changes in brain metabolism7–14. Despite SAE being associated 
with a poor prognosis and increased mortality risk, its diagnosis is challenging, primarily depending on clinical 
assessments and ruling out other causes of altered mental states. Moreover, no reliable methods exist to accurately 
assess the prognosis of SAE. In practice, no diagnostic method can differentiate between patients who recover 
and those who remain unconscious. This is crucial for managing patients with sepsis; however, the absence of 
reliable prognostic markers for SAE limits timely decision-making in its treatment.
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Functional near-infrared spectroscopy (fNIRS) is a non-invasive, high-resolution method for continuous 
monitoring that enables the measurement of oxyhemoglobin and deoxyhemoglobin levels in the prefrontal 
cortex15. fNIRS offers enhanced spatial resolution for quantifying oxyhemoglobin and deoxyhemoglobin levels, 
which are associated with the blood-oxygen-level-dependent signal observed in functional magnetic resonance 
imaging. This technique can provide valuable insights into regional cerebral hemodynamics, including cerebral 
microcirculation and fluctuations in cerebral blood flow. Among the various types of analysis methods for 
the fNIRS modality, connectivity analysis evaluates the functional relationships within the brain16. Using 
connectivity analysis, previous studies have shown that task-based functional connectivity, which assesses brain 
activity in response to specific stimuli or challenges, is reduced in individuals with Alzheimer’s disease, major 
depressive disorder, and attention-deficit/hyperactivity disorder17–19. Moreover, recent studies suggested that 
resting-state functional connectivity20, measuring inherent fluctuation of the brain activity, was impaired in 
patients with altered mentality in a consciousness-level dependent manner21.

In our study, we deliberately chose a resting-state approach to avoid performing tasks from patients with 
SAE. Therefore, the aim of this study was to explore whether a decrease in functional connectivity, as determined 
by fNIRS, is associated with outcomes in SAE. Additionally, we developed a method for predicting outcomes in 
SAE.

Methods
Study population
We initially evaluated 48 patients with SAE who were admitted to the intensive care unit (ICU) and assessed 
by neurointensivists in our hospital between June 2016 and February 2021. The inclusion criteria were (1) 
age ≥ 18 years; (2) sepsis diagnosed according to Sepsis-3 definition3; (3) SAE diagnosed with cerebral dysfunction 
(Glasgow Coma Scale [GCS] ≤ 14 or with delirium) caused by systemic responses to infections without structural 
abnormality, cerebral nervous system infection, and encephalopathy due to other causes such as hepatic, uremic, 
and toxic7–9,22. Moreover, fNIRS monitoring was performed using a wireless continuous-wave near-infrared 
spectroscopy (CW-NIRS) system (NIRSIT, OBELAB Inc., Seoul, Republic of Korea) considering the clinical 
stability of the patients with sepsis17–23.

Baseline characteristics and clinical information
We obtained demographic data on age, sex, and comorbidities such as vascular risk factors and cancer. We 
collected clinical information related to sepsis, including infection sites, antimicrobial medications and duration 
of antimicrobial treatment, sedation during monitoring, laboratory findings including levels of procalcitonin 
(PCT), high-sensitivity C-reactive protein (hs-CRP), white blood cell (WBC) count, percentage of segmented 
neutrophils (%), cumulative fluid input and output, cumulative fluid balance, and severity of disease, using Acute 
Physiology and Chronic Health Evaluation (APACHE) III1,24,25 and the Sepsis-related Organ Failure Assessment 
(SOFA)2,3,26 during NIRSIT monitoring. Serum lactate levels, body temperature, mean arterial pressure (MAP), 
and partial arterial pressure of oxygen during NIRSIT monitoring were also measured. Neurological assessment 
was performed using the GCS at the time of monitoring and discharge27. In addition, neurological outcomes 
were evaluated using the modified Rankin Scale (mRS) at discharge. We categorized the outcomes as either good 
or poor on the mRS as follows: 0–3, good outcome; 4–6, poor outcome28,29.

fNIRS measurement and data processing
fNIRS signals were recorded for a minimum of 5 min in the supine position on the prefrontal region (PFC), 
covering Brodmann regions that include dorsolateral-PFC, ventrolateral-PFC, frontopolar-PFC, and 
orbitofrontal-PFC of the participant (Fig.  1) after ensuring that the monitoring time was sufficient for data 
validity. The median time to monitoring after ICU admission was 3 days (interquartile range [IQR]: 2–8 days) 
utilizing wireless CW-NIRS system. The fNIRS monitoring system measures hemodynamic variations using 
two wavelengths of near-infrared light (780 nm and 850 nm) and utilizes 24 laser sources and 32 detectors to 
measure 48 channels of cerebral hemodynamics, with a 3-cm source-detector separation30,31 (Fig. 1).

Connectivity analysis
Among the 48 patients included, fNIRS data were successfully collected and analyzed for 40 patients. To ensure 
accuracy, we visually inspected all the raw data, and any data where over 20% of the channels showed an abrupt 
shift greater than 20% from the initial value within 0.5 s—likely caused by motion artifacts due to contact loss 
from the scalp during the measurement—were excluded from further analysis32,33. With the aforementioned 
exclusion criteria, data from 8 patients were excluded due to poor signal quality. Light signals were processed 
using a discrete cosine transform-based bandpass filter (0.005–0.05 Hz) to eliminate cardiovascular interference 
and external noise. Channels with signal-to-noise ratios < 30 dB were excluded prior to extracting hemodynamic 
data to avoid potential data misinterpretation. Hemodynamic responses were calculated using the modified 
Beer–Lambert method. Finally, data from each channel were corrected for motion artifacts by regressing out 
the head angle changes, measured by the integrated motion sensor in NIRSIT34. To investigate functional 
connectivity, we assessed the temporal correlation strength between hemodynamic responses of all channel 
pairs20,35,36. Prefrontal correlation coefficients of oxyhemoglobin were computed for all pairwise combination 
of channels to ascertain overarching representative network measures from the Graph theory, such as density, 
clustering coefficient, and global efficiency37,38. A threshold value39 was used to objectively evaluate the functional 
connectivity by disregarding correlations below a threshold value of 0.5, indicating weak and non-significant 
connections. The threshold value ranged from 0.5 to 0.9, increasing in 0.1 increments so that we could analyze 
the each network as function of the threshold. Correlations exceeding the threshold were designated a value of 
1, resulting in the creation of a binary adjacency matrix at each threshold level20,35,36. Three fundamental global 
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connectivity metrics—density, clustering coefficient, and global efficiency—were subsequently computed using 
each threshold value20,35,36.

Density is the ratio of existing edges to all possible edges as a fraction of the nodes above the threshold 
value20,36. The clustering coefficient is the fraction of its neighbors, which are also neighbors of each other, that is, 
the number of triangles around a given node that is above the threshold value20,36. Global efficiency is the average 
inverse shortest path length between all pairs of nodes above a threshold value20,36.

Data processing and analysis were conducted using MATLAB 2023b (MathWorks, Inc., Natick, MA), with 
network metrics extracted using the brain connectivity toolbox incorporated within MATLAB37.

Statistical analysis
Continuous variables were assessed utilizing either Student’s t-test or the Mann–Whitney U test; categorical 
variables were evaluated using Pearson’s chi-square test or Fisher’s exact test, as appropriate. In the connectivity 
analysis as three correlation coefficients, a comparison was conducted across the two groups (good and poor 
outcomes). Logistic regression was employed to estimate predicted probabilities of outcomes by integrating the 
correlation coefficient value and severity scores, where severity scores, such as APACHE III and SOFA scores, 
were utilized as indicators of outcome in patients with sepsis. A prognostic model was developed using multiple 
logistic regression, considering the correlation coefficient of oxyhemoglobin and severity scores. The predictive 
performance of the model was assessed using receiver operating characteristic (ROC) curve analysis, which 
involved computing the area under the curve (AUC). ROC curve analysis was used to ascertain the optimal 
cutoff point for prediction, which was identified based on the highest combined sensitivity and specificity, as 
indicated by the Youden index40. AUC comparisons were performed using the DeLong method41. Statistical 
analyses were performed by a medical statistician, J. S. Lee, who considered P-values < 0.05 as indicative of 
statistical significance. Analyses were conducted using statistical software packages, including Statistical Package 
for Social Sciences (version 27.0; IBM Statistics), SAS 9.4 (SAS Institute Inc.), and GraphPad Prism (version 10.1; 
GraphPad Software).

Ethics
This study was approved by Institutional Review Board of Seoul National University Hospital (IRB Number: 
H-1605-092-762) and was performed in accordance with the regulation of the Declaration of Helsinki and 
guidelines. The consents were obtained from patients or their family members.

Results
Baseline characteristics and clinical information
Among the 40 patients examined (mean age, 70.8 years; male sex, 57.5%), 17 (42.5%) showed good outcomes 
at discharge. Comorbidities did not differ between patients with good and poor outcomes (Table 1). Regarding 
the sources of sepsis, biliary, gastrointestinal, and genitourinary infections were more common in patients 
with good outcomes. However, the respiratory origin was more prevalent (47.8%) in those with poor outcomes 
(P = 0.03). However, the choice of antibiotic did not differ between the two groups. The laboratory findings, 
antimicrobial treatments, and cumulative fluid balances did not differ between the two groups, as presented in 
Table 1. The median GCS scores were notably lower in the poor outcome group than in the good outcome group 
during fNIRS monitoring (8 vs. 13, P = 0.001) and at discharge (3 vs. 15, P < 0.001; Table 1). Likewise, the severity 
of illness was assessed using APACHE III and SOFA scores, and the good outcome group had lower scores than 
the poor outcome group: APACHE III (81 [IQR 61–98.5] vs. 123 [109–137], P < 0.001) and SOFA (6 [5.5–11] 

Fig. 1.  Visualization of the fNIRS system on the forehead and source-detector array with channel positions.
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vs. 15 [12–17], P < 0.001). The poor outcome group had higher serum lactate levels and a lower MAP than the 
good outcome group. The time to fNIRS monitoring after ICU admission did not differ between the two groups.

Connectivity analysis using fNIRS data
The hemodynamic correlation of oxyhemoglobin was assessed in prefrontal pairs of channels using Pearson’s 
correlation coefficient for each threshold within the two distinct groups (good outcome, and poor outcome). 
Density values were higher in the good outcome group. The poor outcome group had the lowest density 
values at all threshold levels (Supplementary Fig. 1 and Table 2). Moreover, most significant differences were 
identified between the good and poor outcome groups using density values at a threshold of 0.5. Regarding other 
connectivity parameters, global efficiency was significantly different only at a threshold level of 0.5 and clustering 

Total
(n = 40)

Good outcome
(n = 17, 42.5%)

Poor outcome
(n = 23, 57.4%) P-value

Age, mean (SD) 70.8 ± 12.3 72.1 ± 10.0 69.2 ± 13.8 0.46

Male, n (%) 23 (57.5) 9 (52.9) 14 (60.9) 0.75

HT, n (%) 14 (35.0) 8 (47.1) 6 (26.1) 0.20

DM, n (%) 18 (45.0) 11 (64.7) 7 (30.4) 0.05

AF, n (%) 5 (12.5) 3 (17.6) 2 (8.7) 0.63

CAD, n (%) 9 (22.5) 4 (23.5) 5 (21.7) 1.00

Previous stroke/TIA, n (%) 8 (20.0) 5 (29.4) 3 (13.0) 0.25

Malignancy, n (%) 23 (57.5) 9 (52.9) 14 (60.9) 0.75

Initial GCS, median (IQR) 10 (7–12.75) 13 (9.5–14) 8 (6–10) 0.001

F/U GCS median (IQR) 10.5 (3–14.0) 15 (14–15) 3 (3–3) < 0.001

Origins of sepsis, n (%) 0.03

 Respiratory 13 (32.5) 2 (11.8) 11 (47.8)

 Biliary 5 (12.5) 3 (17.6) 2 (8.7)

 Gastrointestinal 8 (20.0) 6 (35.3) 2 (8.7)

 Genitourinary 6 (15.0) 4 (23.5) 2 (8.7)

 Others 8 (20.0) 2 (11.8) 6 (26.1)

Antibiotics, n (%) 0.43

Glycopeptides + Carbapenem 9 (22.5) 2 (11.8) 7 (30.4)

Carbapenem 13 (32.5) 8 (47.1) 5 (21.7)

Glycopeptides 5 (12.5) 2 (11.8) 3 (13.0)

Piperacillin/tazobactam or with quinolone 5 (12.5) 3 (17.6) 2 (8.7)

Cephalosporin 3 (7.5) 1 (5.9) 2 (8.7)

Others 5 (12.5) 1 (5.9) 4 (17.4)

Duration of antibiotics, mean (SD), days 4.0 (3.2) 3.3 (2.7) 4.6 (2.5) 0.22

Sedation, n (%) 4 (10.0) 2 (11.8) 2 (8.7) 1.00

APACHE III score, median (IQR) 108.5 (79.5–133.5) 81 (51–98.5) 123 (109–137) < 0.001

SOFA, median (IQR) 12.5 (9–15) 6 (5.5–11) 15 (12–17) < 0.001

Lactic acid, mean (SD), mmol/L 4.1 (3.9) 2.5 (1.7) 5.4 (4.6) 0.01

WBC, mean (SD) X103/ul 19.9 (9.4) 20.7 (9.0) 19.3 (9.8) 0.65

Seg. Neutrophil mean, (SD), % 84.9 (16.1) 85.3 (10.9) 84.6 (19.2) 0.89

hs-CRP, mean (SD), mg/dl 27.2 (10.3) 26.2 (10.9) 27.9 (10.1) 0.61

PCT, mean (SD), ng/ml 22.6 (22.4) 26.5 (30.5) 20.6 (17.7) 0.56

Cumulative fluid input, mean (SD), ml 16,852.5 (13,615.0) 14,685.8 (13,012.1) 18,454.0 (14,112.4) 0.39

Cumulative fluid output, mean (SD), ml 14,511.1 (13,197.4) 12,392.8 (11,660.5) 16,076.7 (14,277.4) 0.39

Cumulative I/O balance, mean (SD), ml 2,341.5 (4,039.4) 2,292.9 (3,385.8) 2,377.3 (4,537.0) 0.95

BT, mean (SD), °C 37.6 (1.1) 38.0 (0.5) 37.4 (1.4) 0.054

MAP, mean (SD), mmHg 77.0 (14.2) 85.7 (15.0) 72.4 (10.7) 0.002

PaO2, mean (SD), mmHg 91.0 (30.8) 95.8 (23.9) 87.4 (35.2) 0.41

Time to fNIRS after Admission, median (IQR), d 3 (2–8) 2 (2–7) 6 (2–9) 0.15

Table 1.  Baseline characteristics of included patients. SD: standard deviation; HT: hypertension; DM: diabetes 
mellitus; AF: atrial fibrillation; CAD: coronary artery disease; GCS: Glosgow Coma Scale; NIHSS: National 
Institute of Health Stroke Scale; IQR: interquartile ranges; WBC: white blood cell; seg.: segmented; hs-CRP: 
high-sensitivity C-reactive protein; PCT: procalcitonin; BT: body temperature; APACHE II: Acute Physiology 
And Chronic Health Evaluation III; SOFA: Sequential Organ Failure Assessment; MAP: mean arterial pressure; 
fNIRS: functional near-infrared spectroscopy.
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coefficients at thresholds of 0.5, 0.6, and 0.8; the good outcome group was significantly higher than the poor 
outcome group (Supplementary Fig. 1 and Table 2).

Development of a prognostication model for SAE outcomes
Based on findings of the connectivity analysis, we examined the relationship between density and favorable 
outcomes (Table 3). Additionally, a prediction method was devised for SAE outcomes by using a density 
threshold value of 0.6 and APACHE III based on the statistical significance and density values (Table 4). The 
study evaluated the predictive accuracy of density at a threshold of 0.6 and the APACHE III score in forecasting 
discharge outcomes using ROC curves. This analysis included AUC evaluation as presented in Table 4 and Fig. 2. 
The AUC for density at a 0.6 threshold was 0.716 (95% confidence interval [CI], 0.557–0.876). The APACHE III 
model demonstrated an AUC of 0.857 (95% CI, 0.735–0.979) for predicting good outcomes at discharge (Table 
4 and Fig. 2). Nevertheless, the difference in AUC values between density at the 0.6 threshold and APACHE 
III was not significant (P = 0.23; Fig. 2A). To increase the power for forecasting SAE outcomes, we combined 
clinical severity score and information on connectivity using multivariate logistic regression analysis. Model 
1 was constructed based on the density at a threshold of 0.6 and the APACHE III score, while model 2 was 
derived using the density at a threshold of 0.6 and the SOFA score. When comparing the predictive accuracy of 
density at a 0.6 threshold alone with a predictive method that incorporates both density at a 0.6 threshold and 
the APACHE III score, the latter demonstrated a higher AUC (0.951; 95% CI, 0.893–1.000) for predicting good 
outcome. This predictive accuracy was significantly higher than density at the 0.6 threshold (P = 0.04) alone, or 
tended to be higher than APACHE III score alone (P = 0.09). This improvement in predictive accuracy enhanced 
the efficacy of the model for predicting SAE outcomes (Fig. 2A). Moreover, a higher APACHE III score and 
lower density values at the 0.6 threshold were indicative of poor outcomes. Conversely, higher density values at a 
0.6 threshold, even in conjunction with higher APACHE III scores, were linked to good outcomes, as indicated 
by the connectivity analysis (Fig. 3). The logistic regression formula used to predict the likelihood of a good 
outcome was as follows:

Univariate analysis OR (95% CI) P value

Density 05 (per 0.1 unit increase) 2.76 (1.12–6.81) 0.03

Density 06 (per 0.1 unit increase) 2.71 (1.10–6.67) 0.03

Density 07 (per 0.1 unit increase) 2.87 (1.04–7.91) 0.04

Density 08 (per 0.01 unit increase) 1.15 (1.00–1.32) 0.04

Density 09 (per 0.01 unit increase) 1.31 (0.99–1.72) 0.06

APACHE III (10 unit increase) 0.59 (0.43–0.81) 0.001

SOFA (1 unit increase) 0.62 (0.47–0.81) 0.001

Table 3.  Association between good outcome and connectivity analysis with sepsis severity. OR: odds ratio. P 
value by logistic regression.

 

Total (n = 40) Good outcome (n = 17) Poor outcome (n = 23) P-value

Density (Pearson correlation > threshold value), mean (SD)

 0.5 0.30 ± 0.11 0.35 ± 0.13 0.26 ± 0.07 0.012

 0.6 0.23 ± 0.11 0.28 ± 0.13 0.20 ± 0.07 0.013

 0.7 0.16 ± 0.10 0.20 ± 0.13 0.13 ± 0.06 0.022

 0.8 0.130 ± 0.08 0.13 ± 0.10 0.07 ± 0.04 0.050

 0.9 0.03 ± 0.04 0.05 ± 0.05 0.02 ± 0.02 0.033

Global efficiency, mean (SD)

 0.5 0.56 ± 0.08 0.60 ± 0.09 0.54 ± 0.06 0.010

 0.6 0.46 ± 0.10 0.49 ± 0.12 0.44 ± 0.08 0.088

 0.7 0.34 ± 0.11 0.38 ± 0.13 0.32 ± 0.09 0.110

 0.8 0.20 ± 0.12 0.24 0.15 0.17 ± 0.09 0.075

 0.9 0.08 ± 0.09 0.11 ± 0.12 0.06 ± 0.05 0.087

Clustering coefficient, mean (SD)

 0.5 0.70 ± 0.08 0.73 ± 0.08 0.67 ± 0.07 0.012

 0.6 0.64 ± 0.09 0.68 ± 0.08 0.62 ± 0.09 0.021

 0.7 0.56 ± 0.11 0.58 ± 0.11 0.54 ± 0.10 0.223

 0.8 0.44 ± 0.14 0.48 ± 0.13 0.40 ± 0.13 0.049

 0.9 0.25 ± 0.14 0.30 ± 0.14 0.21 ± 0.14 0.051

Table 2.  Connectivity value according to outcomes. SD: standard deviation.
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Pr (Y = good) = 1

1 + exp(−3.1822 − 16.1861 × density at 0.6 + 0.0760 × AP ACHE III)

The optimal threshold value for predicting good outcomes in SAE was 0.3255, yielding a sensitivity of 94.1% 
and specificity of 87.0% based on the Youden index. A value > 0.3255 in this equation signified an increased 
likelihood of a good outcome (Fig. 2B).

Fig. 2.  Receiver operating characteristic curves depicting the prediction of outcomes following SAE. This plot 
demonstrates the correlation between sensitivity (Y-axis) and the reciprocal of specificity (X-axis), highlighting 
the highest area under the curve (AUC) for Acute Physiology and Chronic Health Evaluation (APACHE) III 
with a density of 0.6 and a composite of APACHE III with a density of 0.6. The use of both APACHE III and 
density at 0.6 resulted in the highest AUC value (0.951 [0.893–1.000]), outperforming AUC values obtained 
when using APACHE III alone (0.857 [0.735–0.979]) or density at 0.6 alone (0.716 [0.557–0.876]). (A) Notable 
variances observed between the combined approach and each individual predictor (APACHE III with density 
at 0.6 vs. density of 0.6, P = 0.04; APACHE III with density vs. APACHE III, P = 0.09); (B) Cutoff values of 
predictive methods with sensitivity and specificity.

 

Univariate analysis
Model 1 (Density 0.6 & 
APACHE III)

Model 2 (Density 0.6 & 
SOFA)

OR (95% CI) P‡ OR (95% CI) P‡ OR (95% CI) P‡

Density 0.6 (per 0.1 unit increase) 2.71 (1.10–6.67) 0.03 5.05 (1.28–19.84) 0.02 4.31 (0.93–19.83) 0.06

APACHE III
(10 unit increase) 0.59 (0.43–0.81) 0.001 0.47 (0.29–0.75) 0.001

SOFA
(1 unit increase) 0.62 (0.47–0.81) 0.001 0.60 (0.43–0.82) 0.001

AUC (95% CI)

Density 0.6 (per 0.1 unit increase) 0.72 (0.56–0.88)

APACHE III
(10 unit increase) 0.86 (0.73–0.98)

SOFA
(1 unit increase) 0.89 (0.79–0.99)

Model 1 (Density 0.6 & APACHE III) 0.95 (0.89–1.00)

Model 2 (Density 0.6 & SOFA) 0.94 (0.87–1.00)

Table 4.  Prediction model of good outcome based on connectivity analysis and sepsis severity. OR: odds 
ratio; APACHE II: Acute Physiology And Chronic Health Evaluation III; SOFA: Sequential Organ Failure 
Assessment. †P-value by logistic regression using Firth’s penalized maximum likelihood method.
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Discussion
In this study, we demonstrated that higher prefrontal functional connectivity, as assessed using oxyhemoglobin 
oscillations, was associated with favorable outcomes in SAE. Moreover, we developed a predictive model for 
favorable outcomes by incorporating the density value of the connectivity analysis and the APACHE III score.

SAE is a complex condition that arises in response to infection and may result in brain dysfunction in 
patients with sepsis. The mechanisms underlying brain dysfunction in SAE have not yet been fully elucidated. 
However, neuroinflammatory responses and ischemia play key roles in neuronal function, even in the absence 
of a direct invasion of infectious agents to central nervous system. Other suggested mechanisms include 
microscopic brain injury, BBB dysfunction, and cerebral microcirculation impairment leading to ischemia, 
vascular complex dysfunction, impaired neurovascular coupling, disrupted neurotransmission, and alterations 
in brain metabolism due to oxidative stress and inflammatory responses. These responses can potentially alter 
neuronal function, vitality, and connectivity in the central nervous system6,8–11,22,42,43.

Diagnosing and predicting outcomes of SAE remain challenging. The diagnostic process relies on clinical 
assessments and the exclusion of other potential causes of changes in mental state7–9,22. The severity and outcomes 
of SAE are influenced by the severity of sepsis and intensive care for patients with sepsis. SAE prognosis correlates 
with the severity of sepsis and efficacy of antibiotic treatment44–46. Moreover, electrophysiological studies, 
including electroencephalography and somatosensory evoked potential, have been recognized as valuable tools 
in identifying patients with SAE7,46–48. However, no tools are available for predicting outcomes of patients with 
SAE.

Brain connectivity assessments using fNIRS based on graph theoretical approaches can assess the integrity 
and synchronous functional activity of brain regions and quantify relationships in neuronal networks35,49. 
Functional connectivity analysis, such as the prefrontal correlation coefficients of oxyhemoglobin, was 
performed for three properties: density, clustering coefficient, and global efficiency. Density and global efficiency 
are interconnected with the global connectivity of brain networks20,35,35. Previous studies have shown a positive 
association between higher oxyhemoglobin correlation coefficients and improved connectivity15,20,35,36. In the 

Fig. 3.  Three-dimensional mesh plot of the prediction method. Correlation between Acute Physiology and 
Chronic Health Evaluation (APACHE) III and connectivity density (threshold = 0.6) with outcomes after 
sepsis-associated encephalopathy (SAE). Visualization was performed after SAE in patients with an average age 
of 70.8 years (n = 40); 17 patients had good outcomes after SAE. Discretely color-coded mesh (blue to orange) 
representing Glasgow Coma Scale scores from 0 to 15 correlated with the connectivity density threshold at 0.6 
and APACHE III score (Y-axis) using natural neighbor interpolation. Acquired data points are represented by 
red and blue square dots, indicating poor (n = 23) and good (n = 17) outcomes, respectively. Higher APACHE 
III scores and lower connectivity densities were associated with poorer outcomes. Although the APACHE III 
score increased, a higher connectivity density value of the connectivity analysis was associated with a good 
outcome.

 

Scientific Reports |        (2025) 15:18040 7| https://doi.org/10.1038/s41598-025-02658-9

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


present study, significantly lower connectivity values were observed in the group with poor outcomes, suggesting 
compromised neural synchronization and potentially diminished functional connectivity in the brain following 
SAE. Therefore, connectivity analysis values of oxyhemoglobin may serve as indicators of brain dysfunction 
associated with SAE.

Furthermore, a predictive model was formulated to evaluate outcomes following SAE by incorporating the 
APACHE III score and density values derived from connectivity analysis. The APACHE III score comprises a 
range of parameters, including physiological variables, vital signs, urine output, neurological scores, age, and 
comorbid conditions. It is used to assess the severity of medical conditions that can significantly influence the 
outcomes of patients with sepsis and SAE25,44,50–52. However, the reliability of APACHE III as the sole predictor 
is limited as it primarily reflects the severity of systemic infection without directly evaluating brain dysfunction. 
Furthermore, there remains a lack of adequate methodology to assess brain function for predicting neurological 
outcomes in patients with SAE7–9,45–48,53. In contrast, our model, which integrates both APACHE III and density 
values, exhibited markedly enhanced accuracy in forecasting neurological outcomes through brain connectivity 
analysis, presenting distinct advantages over conventional methods.

This study had some limitations. First, the sample size was relatively small as this was a pilot study. 
Furthermore, a validation study was not conducted in independent groups. However, the power of the predictive 
model in forecasting good outcomes was superior to that of APACHE III or density values alone. External 
validation of this model warrants further investigation. Second, the minimum duration of NIRSIT monitoring 
was approximately 300 s, which may not have been long enough to adequately capture functional connectivity. 
However, in our experience, a minimum of 5 min of monitoring was adequate to assess brain connectivity, except 
for limitations in very low frequency oscillations15. Third, we assessed neurological outcomes at discharge, which 
may have been too short to accurately evaluate outcomes. Fourth, we included patients with sepsis who were 
referred to neurointensivists for a comprehensive neurological evaluation; consequently, there may be a selection 
bias of the study.

In conclusion, our study demonstrated that the incorporation of connectivity analysis using oxyhemoglobin 
in our predictive model can reliably predict favorable neurological outcomes at discharge in patients with SAE 
in this preliminary study. This methodology has the potential to be a valuable resource for guiding future clinical 
decisions for patients with SAE. Furthermore, our predictive method serves as a prognostic tool, emphasizing 
the importance of quantitative evaluation and the ability to predict outcomes. This warrants further investigation 
for wider applicability and allocation of sufficient resources. To improve the predictive ability of our model, it is 
essential to conduct comprehensive multicenter studies that involve prolonged and repeated monitoring using 
fNIRS, which is crucial for external validation and to confirm the prognostic accuracy of the model.

Data availability
To inquire access to the study data, contact the corresponding author (Sang-Bae Ko).
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