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Establishment and validation of a bad outcomes prediction model based on EEG and clinical parameters in prolonged disorder of consciousness
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Objective: This study aimed to explore the electroencephalogram (EEG) indicators and clinical factors that may lead to poor prognosis in patients with prolonged disorder of consciousness (pDOC), and establish and verify a clinical predictive model based on these factors.

Methods: This study included 134 patients suffering from prolonged disorder of consciousness enrolled in our department of neurosurgery. We collected the data of sex, age, etiology, coma recovery scales (CRS-R) score, complications, blood routine, liver function, coagulation and other laboratory tests, resting EEG data and follow-up after discharge. These patients were divided into two groups: training set (n = 107) and verification set (n = 27). These patients were divided into a training set of 107 and a validation set of 27 for this study. Univariate and multivariate regression analysis were used to determine the factors affecting the poor prognosis of pDOC and to establish nomogram model. We use the receiver operating characteristic (ROC) and calibration curves to quantitatively test the effectiveness of the training set and the verification set. In order to further verify the clinical practical value of the model, we use decision curve analysis (DCA) to evaluate the model.

Result: The results from univariate and multivariate logistic regression analyses suggested that an increased frequency of occurrence microstate A, reduced CRS-R scores at the time of admission, the presence of episodes associated with paroxysmal sympathetic hyperactivity (PSH), and decreased fibrinogen levels all function as independent prognostic factors. These factors were used to construct the nomogram. The training and verification sets had areas under the curve of 0.854 and 0.920, respectively. Calibration curves and DCA demonstrated good model performance and significant clinical benefits in both sets.

Conclusion: This study is based on the use of clinically available and low-cost clinical indicators combined with EEG to construct a highly applicable and accurate model for predicting the adverse prognosis of patients with prolonged disorder of consciousness. It provides an objective and reliable tool for clinicians to evaluate the prognosis of prolonged disorder of consciousness, and helps clinicians to provide personalized clinical care and decision-making for patients with prolonged disorder of consciousness and their families.
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1 Introduction

Disorders of consciousness (DOC) refer to conditions that change a person’s state of consciousness due to damage or malfunction in the sections of the nervous system that control arousal and consciousness. Prolonged disorder of consciousness (pDOC) are defined as a loss of consciousness for more than 28 days (Eapen et al., 2017). Coma is the most severe form of impaired consciousness. Those in a coma could possibly perish, fully regain awareness, or transition into a middle-ground state like unresponsive wakefulness syndrome/vegetative state (UWS/VS) or minimally conscious state (MCS) (Septien and Rubin, 2018). The treatment of pDOC requires a lot of medical resources, long-term hospitalization will not only bring huge economic costs to patients, but also bring great pressure to patients’ physical and mental health. In clinical work, we often face prognosis consultation from the families of pDOC patients. Accurate prognosis prediction is very important for patients and their families, and it is also of great significance for clinicians and nurses. The prognostic model can help clinicians to more effectively transform aggregate statistics into individual patient nursing decisions (Song et al., 2018). In this context, predicting the evolution of pDOC and determining reliable prognostic indicators is an important link for doctors to make clinical decisions.

As far as we know, there are some prognostic models for patients with pDOC. Song et al. (2018) used resting-state functional magnetic resonance imaging of the brain to predict 1 year outcomes in patients with pDOC. Yang et al. (2020) demonstrated that the structure of sleep electroencephalogram correlates with the short-term prognosis of patients with pDOC. Anderson et al. (2020) utilized three biomarkers, GFAP, UCH-L1, and MAP-2, to predict recovery at 6 months in patients with pDOC. Xiong et al. (2022) developed a prognostic model and found that higher serum albumin concentrations, higher levels of consciousness, younger age, and the presence of pupillary reflexes predicted improvement in pDOC at 6 months after injury. A 3 year outcome prediction column chart for poor prognosis of DOC has been constructed by some researchers using four predictor variables (age, GCS score, state of consciousness, and BAEP grade) and one outcome variable (the Glasgow Outcome Scale (GOS)) (Kang et al., 2022). While many studies have identified several neurophysiologic or neuroimaging risk factors in patients with pDOC, the aforementioned tests are difficult to perform, relatively expensive, and time-consuming. Their use is not widespread due to these limitations. And electroencephalogram (EEG) is one of the few available mobile techniques available, and therefore EEG is more amenable to bedside monitoring or diagnosis in patients with pDOC.

The dynamic pattern of the EEG can be called a “microstate,” which refers to the scalp potential topography or the global pattern of the scalp potential topology. This pattern will change over time according to certain rules and is orderly and dynamic on the whole, which is of great significance for understanding the rules of brain activity (Wang et al., 2023). Because the EEG microstate pattern has a high temporal resolution, it has great advantages in measuring rapid dynamic changes in the brain, thereby more accurately detecting the temporal dynamic evolution of the whole-brain neuronal network (Tarailis et al., 2024). Gui et al. (2020) used microstates to assess language processing in pDOC patients and combined them with a language stimulation paradigm to predict the recovery of pDOC patients with good predictive classification. In addition, the EEG microstate is a suitable candidate biomarker, and its time scale is faster than power spectrum or functional network analysis (Tait et al., 2020). Single objective EEG marker will make doctors rely too much on EEG and ignore clinical features, and then affect the judgment of the prognosis of patients. At the same time, the latest international guidelines for the diagnosis of pDOC patients recommend the use of both clinical and instrumental assessments to minimize the risk of misdiagnosis (Giacino et al., 2018; Kondziella et al., 2020). In this case, it is necessary to combine EEG with clinical factors to improve the accuracy of evaluating the prognosis of patients with pDOC.

Therefore, from a clinical point of view, this study combines the microstate of EEG with clinical general data, behavioral scores and laboratory tests to predict the poor prognosis of patients with pDOC and based on clinical factors (that is, clinical indicators, serological markers, electrophysiological indicators) to establish a practical, comprehensive and accurate clinical prediction model, so that the poor prognosis of patients with pDOC can be visualized through the line chart. It provides a meaningful reference index for clinicians to evaluate the prognosis of patients with pDOC.



2 Methods


2.1 Data collection and clinical evaluation

A total of 134 patients diagnosed with pDOC, sequentially admitted to the Department of Neurosurgery at the Fifth Affiliated Hospital of Zhengzhou University between January 2022 and March 2023, were included in our research. Inclusion criteria: (1) No scalp lesions or intracranial metal implants; (2) No history of neurological diseases or mental disorders; (3) No onset period of acute disease or chronic disease; (4) The patient has lost consciousness for more than 28 days. Exclusion criteria: (1) Presence of intracranial anterior and posterior lobe lesions; (2) History of implantation of pacemaker, aneurysm clip or other metal devices; (3) Large skull defects caused by various causes lead to scalp depression which significantly affects the fit between the scalp and the brain electrode cap. Our collected data included not only the gender, age, etiology (including traumatic, non-traumatic, and anoxic etiologies), CRS-R score, and bloodroutine at admission, but also liver function, coagulation, blood glucose, esting EEG data, and CRS-R scores after patient discharge. The current research followed the guidelines of the Helsinki Declaration and received approval from the ethics committee of Zhengzhou University’s Fifth Affiliated Hospital in China (KY2020024,02/11/2020). Informed consent was obtained from the guardians of all subjects participating in this study and signed informed consent forms.



2.2 EEG collection

EEG data were recorded using 32 electrodes according to 10/20 International System (Nicolet EEG V32, Natus, United States). The notch filtering of the signals was performed at 50 Hz, with the recorder’s band-pass filter operating within a range of DC to 1,000 Hz. The EEG signals were converted into digital format at a rate of 2.5 kHz while ensuring that the skin impedance of all electrodes did not exceed 5 kΩ. At the time of the EEG recording, the patients were positioned in their hospital beds with earplugs in, limiting any noise. The EEG recordings were conducted as patients were behaviorally alert and kept their eyes open. Each EEG recording session lasted approximately 10 min.



2.3 EEG signal preprocessing

The preprocessing of EEG data mainly includes the following steps: (1) Referring to the previous microstate study (Lehmann and Michel, 2011; Michel and Koenig, 2018), a finite impulse response finiteimpulseresponse (FIR) filter is used to perform 2–20 Hz bandpass filtering on each channel to eliminate the influence of high frequency noise, because the microstate is several different quasi-steady states in the alpha band (8–12 Hz) of resting EEG signals. (2) Independent component analysis (ICA) was used to remove electro-oculogram (EOG). (3) Manual removal of bad channels and tests (physical exercise, muscle activity). (4) The EEG data were re-referenced and converted into common average reference.



2.4 Microstates analysis

EEG signals were analyzed offline in the EEGLAB 12.0.2.5b environment using MATLAB 2016b software from MathWorks, based in Natick, Massachusetts, United States. The microstate analysis involved importing preprocessed EEG signals into the Microstate EEGLAB Toolbox for the analysis and calculation of relevant parameters (Guo et al., 2022). By computing the global field potential (GFP) value at every moment in the time series, we could identify the point with the highest signal-to-noise ratio (SNR). The calculation formula is as follows:
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The GFP curve is a tool for determining the brain’s comprehensive reaction to a specific event or swift alterations in brain functionality. The peak of the GFP curve denotes the point at which the field strength is at its optimum and the signal-to-noise ratio in topography is the highest. In resting-state microstate analysis, we found that the map corresponding to the GFP peak is similar to the map of the surrounding time. The similarity between the GFP trough and the surrounding maps is relatively low, suggesting that the transition from one map to another may occur during the negative GFP peak period. Consideration is given to the electric field topology of the GFP curve’s local maximum as a discrete state, and the signal’s evolution is viewed as the ongoing fluctuation and alternation in these states. Therefore, we selected the voltage amplitude at the GFP peak time point for cluster analysis. In this study, we used an improved K-means clustering algorithm for clustering. Microstate analysis includes the following three steps: First, the GFP at each time point is calculated. Then, at the maximum point of each GFP, we can consider the spatial model of the EEG to be stable and occupy most of the time series. Then, an improved K-means clustering method is used to cluster GFP. After microstate analysis, various statistical characteristics of the microstates can be calculated. All time frames of the same microstate class consist of GFP; each microstate class state class coverage, or Cov; and spatial correlation, known as SpatCorr. Other included elements are the frequency of occurrences of each microstate class per second; the mean duration, expressed as MMD; and the global explained variance, otherwise known as GEV. We selected one microstate parameter: frequency of occurrence microstate. However, GFP, MMD, GEV, Cov, and SpatCorr did not show valuable statistical results and were abandoned (see Supplementary material).



2.5 Prognosis

The process of regaining consciousness was tracked for a period of 6 months in accordance with patients’ clinical records. This tracking was carried out through phone check-ins and reviewing past instances of hospitalization, as well as examining all related medical records, including those from outpatient follow-up exams. The judgment of prognosis was mainly based on the patient’s CRS-R score (Wannez et al., 2017), which was compared with the patient’s state of consciousness 6 months ago. We classified the main results as good prognosis and poor prognosis. A good prognosis was defined as VS/UWS patients improved to MCS or above at the end of the study, MCS patients improved to EMCS or new changes in consciousness and behavior. If the clinical diagnosis does not improve or even worsen, we classify the clinical results as poor prognosis.



2.6 Statistical analysis

Continuous variables are represented in the form of mean ± standard deviation, variables with non-normal distribution are articulated using quartiles, while counts and/or frequencies are used to express classified variables. Continuous variables were subjected to the Shapiro–Wilk test for normality. We utilized univariate logistic regression analysis to sift through the variables relating to clinically significant outcomes. With the significant indices distinguished in the univariate analysis, multivariate logistic regression analysis was then employed for a more in-depth examination. A p-value less than 0.05 in the multivariate analysis identifies the variables that independently predict prognosis. We then integrated these four independent variables into the line chart model. The subject working curve’s (ROC) area under the curve (AUC) and the calibration curve in both the training and verification set were utilized. The line chart model’s clinical feasibility was assessed using decision curve analysis (DCA). All research was carried out using R statistical packages (https://www.R-project.org, The R Foundation) and Empower(R) (https://www.empowerstats.com; X&Y Solutions, Inc.). A p-value less than 0.05 was considered statistically significant.




3 Results

The study excluded 12 patients, of whom 5 were lost to follow-up and 7 had poor EEG data. The study comprised 134 patients, and they were divided into two distinct groups: 107 patients formed the training set, treated between January and December 2022, while the validation set included 27 patients treated from January to March 2023. The research object and flow chart are shown in Figure 1.
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FIGURE 1
 Study flowchart.



3.1 Basic clinical features of both the training set and the verification set

Table 1 presents the basic clinical characteristics of the training and validation sets, consisting of a total of 134 patients. The mean age was 50 (40–61). No significant differences were observed in the training and validation sets (p > 0.05).



TABLE 1 Fundamental clinical features of the training and verification sets.
[image: Table1]



3.2 Screening factors affecting prognosis

In terms of prognosis results, 54 patients in the training set and 18 patients in the validation set had a poor prognosis after 6 months of follow-up. Univariate analysis showed that fibrinogen level, CRS-R score, frequency of occurrence microstate A, and paroxysmal sympathetic hyperactivity (PSH) attacks were associated with the prognosis of pDOC (Table 2).



TABLE 2 Univariate analysis of prognosis.
[image: Table2]

In the group with a poor prognosis, the fibrinogen level, CRS-R score, and frequency of occurrence microstate A were all different compared to the good prognosis group. Specifically, the fibrinogen level and CRS-R score were lower, while the frequency of occurrence microstate A was higher in the poor prognosis group (refer to Figure 2).

[image: Figure 2]

FIGURE 2
 Box diagram of fibrinogen, OPS-A, CRS-R and prognosis. OPS-A, frequency of occurrence microstate A.


Multivariate logistic regression analysis showed that fibrinogen level, CRS-R score, frequency of occurrence microstate A, and PSH attack were independent prognostic factors of pDOC (Table 3).



TABLE 3 Multivariate regression analysis.
[image: Table3]



3.3 Development and validation of the model

According to the results of the logical regression analysis, four predictive variables (fibrinogen level, CRS-R score, frequency of occurrence microstate A, and PSH) and one outcome variable (unfavorable prognosis) were used to construct a 6 month prediction nomogram model for patients with pDOC (Figure 3). The sum of scores for each prediction variable needs to be determined. As the total score increases, so does the likelihood of negative outcomes.

[image: Figure 3]

FIGURE 3
 Prediction nomogram model. OPS-A, frequency of occurrence microstate A.




3.4 Calibration and decision curve

The calibration curve is employed as a measurement for calibration to evaluate the correlation between the real risk and forecasted risk, which is a key feature of predictive models. The results show that the actual risk (red line) and predicted risk (blue line) are consistent in both the training and validation cohorts (Figures 4A,B).

[image: Figure 4]

FIGURE 4
 (A,B) Show the calibration curves used to measure calibration. These curves demonstrate that the actual risk aligns with the predicted risk in both the training and validation sets. (A) Training set and (B) Validation set.


The decision curve shows that the model’s net benefit (indicated by the red curve) surpasses the net benefit from all treatments at the same threshold probability in both the training and validation sets (as shown by the blue curve) (see Figures 5A,B). This suggests that this model could be beneficial for clinicians in their decision-making process.

[image: Figure 5]

FIGURE 5
 (A,B) The net gain of the model surpasses the net gain of all treatments at an equivalent threshold probability within both training and validation sets, as shown in decision curve. (A) Training set and (B) Validation set.




3.5 ROC curve to evaluate the discriminative ability

We evaluated the predictive model across the training and validation sets. The power of discrimination in the model pertains to its aptitude to accurately differentiate non-events from events, assessed using the area under the curve (AUC) metric. As depicted in Figures 6A,B, the computed AUC score of the nomogram for the training group was found to be 0.854, with a 95% confidence interval (CI) of 0.784 to 0.924. For the validation group, the AUC score was observed to be 0.920, with a 95% CI between 0.819 and 1.000. These results demonstrate that the model has good discriminative ability.

[image: Figure 6]

FIGURE 6
 (A,B) The ROC curve used to assess the discriminative ability is displayed. (A) Training set and (B) Validation set.





4 Discussion

Studies have shown that the prognosis of pDOC should be based on multiple variables to optimize the accuracy (Giacino et al., 2018). Although a large number of previous studies have focused on determining the clinical factors affecting poor prognosis, a model that can predict the poor prognosis of pDOC is still needed. Our results showed that the frequency of microstate A, CRS-R score, PSH attack and fibrinogen level were associated with poor prognosis at 6 months. Based on these four variables, an adverse outcome prediction model based on EEG microstate and clinical parameters of pDOC was established. In addition, we use calibration curves and DCA to evaluate the calibration and clinical benefits of the two dataset models. Our results show that the model is practical for predicting adverse outcomes and assisting clinical decision-making in patients with pDOC.

The prognosis of patients with pDOC is known to be influenced by numerous factors (Formisano et al., 2019). Studies have shown that younger age, MCS diagnosis at admission, higher serum albumin levels, and the presence of pupil reflex are associated with improved prognosis at 6 months after brain injury (Xiong et al., 2022). Several studies have shown that young age, women (Estraneo et al., 2019), cases of traumatic venereal diseases (Whyte et al., 2009), and higher CRS-R (Portaccio et al., 2018) are associated with better clinical results. At present, many studies focus on the influence of clinical factors on the prognosis of pDOC. However, this approach is highly subjective, and there are few studies that combine clinical factors with EEG objective data to explore their influence on the prognosis of pDOC. Therefore, this study comprehensively evaluated the effect of clinical factors combined with EEG objective indicators on the prognosis of pDOC.

EEG is a method used to scrutinize the physiological activity of distinct brain regions. This is accomplished by documenting the potential and intensity of the electric field from electrodes positioned on the scalp’s surface (von Wegner and Laufs, 2018). At present, there are some relatively mature methods to extract effective information from multi-channel EEG data, and microstate analysis is one of them (Britz et al., 2010). Different microstates corresponded to different brain regions and brain network changes. Microstate A is mainly connected with bilateral superior temporal gyrus and middle temporal gyrus, which is related to the components of these two auditory systems, indicating the process of auditory information intake and processing (Britz et al., 2010). Microstate B interacts with a wide range of brain regions associated with visual processing, suggesting that it may be part of the visual network (Khanna et al., 2015). Microstate C is related to the posterior anterior cingulate cortex, bilateral inferior frontal gyrus and right anterior cingulate cortex, and plays an important role in promoting the transition between the central executive network and the default mode network (Khanna et al., 2015). Microstate D is related to the region located in the right prefrontal lobe and inferior parietal lobe and is responsible for high-level tasks such as cognition and decision-making in the central executive network (Khanna et al., 2015). After studying the time dynamics of EEG sources in patients with pDOC for the first time, Zhang et al. (2023) found seven microstates with different spatial distributions of cortical activation. Notable variations were observed in microstates between the MCS group and the VS group. Representative research has shown that microstate metrics can provide a new basis for assessing patients with pDOC and predicting their prognosis. Stefan et al. (2018) in his analysis of EEG in 63 pDOC patients, made prognostic predictions for 39 patients and identified notable discrepancies in microstate A. Similarly, Guo et al. (2022) alongside other researches, discovered that there were significant alterations to microstate C and microstate D in pDOC patients following high-definition transcranial direct current stimulation (HD-tDCS). In our study, we used frequency of occurrence microstate as an indicator to predict the outcome of pDOC. Our discovery showed that a high frequency of occurrence microstate A not only signifies a grim prognosis but also independently contributes to a deteriorating outcome. Our results have similarities with Stefan’s study. Microstate A is mainly related to the intake and processing of auditory information, and the frequency of occurrence of microstates can reflect the activation trend of underlying neural generators, increase may be a signal of neurological dysfunction. To the best of our knowledge, this is the first time microstate analysis has been utilized for result prediction in this manner, highlighting uncharted potential for this method.

At present, the gold standard for evaluating the degree of consciousness impairment, building a platform for differential diagnosis, prognostic evaluation, and formulating a sensible treatment plan for consciousness impairments, is the CRS-R score. Some studies have found that CRS-R score is an independent factor affecting the recovery of consciousness in patients with pDOC, and those with lower scores are less likely to recover consciousness (Lucca et al., 2019). Another study examined long-term survival and functional outcomes in patients with pDOC 1–8 years after brain injury and found that higher CRS-R scores were associated with a favorable prognosis (Liu et al., 2023). The above studies suggest that CRS-R is one of the important indicators for assessing the prognosis of pDOC. Our study revealed that a lower CRS-R score was associated with a poor prognosis. Furthermore, a multifactorial regression analysis demonstrated that a low CRS-R score was an independent risk factor for poor prognosis, which aligns with the findings of this study.

Paroxysmal sympathetic hyperactivity (PSH) is a syndrome typically seen in medical complications that is distinguished by irregular activity in the sympathetic nervous system or motor functions. This condition is known to respond to non-painful stimuli and is frequently observed in individuals with severe traumatic brain injury (Baguley et al., 2014). However, there is limited research available on PSH in patients with impaired consciousness. The current literature states that the occurrence of PSH in TBI patients ranges from 8 to 33% (Jafari et al., 2022). This study reports a slightly higher incidence of 41.8%; however, this is still relatively comparable to prior research. Presently, two theories exist regarding the mechanism of PSH. One postulates that following an injury, the path of the anterior descending branch of the spinal cord, which consists of the cortical inhibition center, hypothalamus, diencephalon, and brainstem, becomes obstructed, thereby suppressing sympathetic activity. The other hypothesis proposes that the inhibitory–excitatory loop of the spinal cord is uninhibited, leading to an increase in the output of sympathetic activity and resulting in PSH. Secondly, PSH may be associated with neuroendocrine disorders. When the secretion of adrenocortical hormone and corticotropin decreases, the increased secretion of release factor may result in a heightened adrenaline stress response (Zheng et al., 2020). PSH is a risk factor for deterioration in neurological outcomes in patients with TBI (Lucca et al., 2021). The presence of PSH has a connection to the clinical outcome for patients dealing with persistent consciousness impairments. Choi et al. (2013) suggests that the main risk factor for the occurrence of PSH is the severity of brain injury. Perkes et al. (2010) has pointed out that most patients with PSH have a GCS score of less than 8, or even as low as 4, indicating that the development of PSH is more likely with more severe brain injuries. Because the brain injury in patients with PSH is usually more severe, it may affect the recovery of consciousness. Caplan et al. (2015) also found that patients with PSH had a higher incidence of persistent vegetative state and took longer to regain consciousness after coma. Our study found that patients with PSH attacks had a poor prognosis. In this study, through univariate and multivariate analysis, it was found that PSH was a risk factor for adverse effects, which was consistent with the results of previous studies.

Clinical laboratory examination is also an important part of the evaluation of disturbance of consciousness. It can reflect the general condition of patients, including the necessary blood coagulation function test. The progression of intracranial hemorrhage and the negative outcomes post TBI are significantly influenced by dysfunction in coagulation (Nakae et al., 2022a). Among the different elements impacting the blood coagulation process, fibrinogen is of utmost importance as it promotes platelet aggregation and acts as the main substrate for plasma coagulation. It forms a reticular network that enhances the strength of blood clots (Sorensen et al., 2012). Hypofibrinogenemia, characterized by low levels of fibrinogen (below 2.29 g/L), is frequently observed in trauma patients, with 50–74% presenting with this condition upon admission. This condition is strongly linked to increased mortality rates (Hagemo et al., 2014). In trauma patients, hypofibrinogenemia serves as a significant sign of a negative outcome (Nakae et al., 2022b). Studies have found that 38.6% of TBI patients have a fibrinogen concentration < 2 g/L on admission, which is closely related to an increase in in-hospital mortality (Lv et al., 2020). In TBI models, damaged axons are an important source of fibrinogen leakage. A local increase in fibrinogen levels causes microglia to gather around damaged blood vessels, which in turn promotes a continuous acute microglial response and induces microglia to release reactive oxygen species, resulting in axonal injury (Merlini et al., 2019). This research determined that diminished fibrinogen levels negatively impacted the prognosis for patients experiencing pDOC. The fibrinogen levels measured 4.90 g/L for patients with a favorable prognosis and 4.12 g/L for those with an unfavorable prognosis, both exceeding the 2 g/L rate. Despite constituting an unfavorable prognostic indicator, this study’s value was somewhat higher compared to other similar research. The explanation for this could be that the individuals participating in this study are patients suffering from persistent consciousness disturbances and non-acute brain injuries. Additionally, the course of the disease in these patients is longer than 28 days, which means that this value could be influenced by many factors.

Our model utilizes readily available variables that can be readily applied in clinical practice. For the first time, we evaluated the prognostic value of patients with pDOC from EEG microstate combined with clinical behavior, complications, and erological markers. The line chart illustrates its outstanding predictive performance in both the training and verification groups. The AUC values were 0.854 for the training cohort and 0.920 for the verification cohort, indicating superior predictive capability. In addition, we used calibration curves and DCA to evaluate the calibration and clinical effectiveness of the model in both datasets. Our results show that the model is cost-effective in predicting the prognosis of patients with pDOC and assisting clinical decision-making.

There are certain limitations to our research. Firstly, the small sample size may have resulted in an underestimation of the value of certain predictors. Furthermore, the brief duration of the follow-up period was insufficient to pinpoint long-term prognostic indicators. This is because it has been found that prognostic markers may have different effects on each marker. Additionally, this study was a single-center study, lacking external verification. Therefore, there is a need for multi-center external verification to better demonstrate the prediction accuracy of the model.



5 Conclusion

A higher frequency of occurrence microstate A, a lower level of consciousness, a lower level of fibrinogen and the occurrence of PSH can predict a poor prognosis of pDOC at 6 months. EEG microstate analysis combined with clinical factors to establish an adverse prognosis prediction model for patients with pDOC provides a new objective and reliable tool for predicting the prognosis of pDOC, has significant practical value in clinical decision-making, and is helpful for clinicians to provide personalized treatment decisions for pDOC patients and their families.



Data availability statement

The original contributions presented in the study are included in the article/Supplementary material, further inquiries can be directed to the corresponding author.



Ethics statement

The studies involving humans were approved by the Ethics Committee of Zhengzhou University’s Fifth Affiliated Hospital in China. The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study. Written informed consent was obtained from the individual(s) for the publication of any potentially identifiable images or data included in this article.



Author contributions

WL: Writing – review & editing, Writing – original draft, Methodology. YG: Writing – review & editing, Writing – original draft. JX: Writing – review & editing, Data curation. YW: Writing – review & editing, Formal analysis, Data curation. DZ: Writing – review & editing, Validation, Methodology, Investigation. ZX: Writing – review & editing, Validation, Software, Methodology, Formal analysis. XF: Writing – review & editing, Supervision. SZ: Writing – review & editing, Software, Investigation, Conceptualization. HZ: Writing – review & editing, Formal analysis, Data curation. XW: Writing – review & editing, Supervision, Resources, Funding acquisition, Conceptualization.



Funding

The author(s) declare that financial support was received for the research, authorship, and/or publication of this article. This research was supported by Open Foundation of Henan Key Laboratory of Brain Science and Brain-Computer Interface Technology (HNBBL230102) and National Natural Science Foundation of China (Grant No. 82001112).



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fnhum.2024.1387471/full#supplementary-material



References

 Anderson, T. N., Hwang, J., Munar, M., Papa, L., Hinson, H. E., Vaughan, A., et al. (2020). Blood-based biomarkers for prediction of intracranial hemorrhage and outcome in patients with moderate or severe traumatic brain injury. J. Trauma Acute Care Surg. 89, 80–86. doi: 10.1097/TA.0000000000002706 

 Baguley, I. J., Perkes, I. E., Fernandez-Ortega, J. F., Rabinstein, A. A., Dolce, G., Hendricks, H. T., et al. (2014). Paroxysmal sympathetic hyperactivity after acquired brain injury: consensus on conceptual definition, nomenclature, and diagnostic criteria. J. Neurotrauma 31, 1515–1520. doi: 10.1089/neu.2013.3301 

 Britz, J., Van De Ville, D., and Michel, C. M. (2010). BOLD correlates of EEG topography reveal rapid resting-state network dynamics. NeuroImage 52, 1162–1170. doi: 10.1016/j.neuroimage.2010.02.052 

 Caplan, B., Bogner, J., Brenner, L., Pozzi, M., Conti, V., Locatelli, F., et al. (2015). Paroxysmal sympathetic hyperactivity in pediatric rehabilitation: clinical factors and acute pharmacological management. J. Head Trauma Rehabil. 30, 357–363. doi: 10.1097/HTR.0000000000000084 

 Choi, H. A., Jeon, S. B., Samuel, S., Allison, T., and Lee, K. (2013). Paroxysmal sympathetic hyperactivity after acute brain injury. Curr. Neurol. Neurosci. Rep. 13:370. doi: 10.1007/s11910-013-0370-3

 Eapen, B. C., Georgekutty, J., Subbarao, B., Bavishi, S., and Cifu, D. X. (2017). Disorders of consciousness. Phys. Med. Rehabil. Clin. N. Am. 28, 245–258. doi: 10.1016/j.pmr.2016.12.003 

 Estraneo, A., De Bellis, F., Masotta, O., Loreto, V., Fiorenza, S., Lo Sapio, M., et al. (2019). Demographical and clinical indices for long-term evolution of patients in vegetative or in minimally conscious state. Brain Inj. 33, 1633–1639. doi: 10.1080/02699052.2019.1658220 

 Formisano, R., Giustini, M., Aloisi, M., Contrada, M., Schnakers, C., Zasler, N., et al. (2019). An international survey on diagnostic and prognostic protocols in patients with disorder of consciousness. Brain Inj. 33, 974–984. doi: 10.1080/02699052.2019.1622785 

 Giacino, J. T., Katz, D. I., Schiff, N. D., Whyte, J., Ashman, E. J., Ashwal, S., et al. (2018). Practice guideline update recommendations summary: disorders of consciousness: report of the guideline development, dissemination, and implementation subcommittee of the American academy of neurology; the American congress of rehabilitation medicine; and the national institute on disability, independent living, and rehabilitation research. Neurology 91, 450–460. doi: 10.1212/WNL.0000000000005926

 Gui, P., Jiang, Y., Zang, D., Qi, Z., Tan, J., Tanigawa, H., et al. (2020). Assessing the depth of language processing in patients with disorders of consciousness. Nat. Neurosci. 23, 761–770. doi: 10.1038/s41593-020-0639-1 

 Guo, Y., Li, R., Zhang, R., Liu, C., Zhang, L., Zhao, D., et al. (2022). Dynamic changes of brain activity in patients with disorders of consciousness during recovery of consciousness. Front. Neurosci. 16:878203. doi: 10.3389/fnins.2022.878203 

 Hagemo, J. S., Stanworth, S., Juffermans, N. P., Brohi, K., Cohen, M., Johansson, P. I., et al. (2014). Prevalence, predictors and outcome of hypofibrinogenaemia in trauma: a multicentre observational study. Crit. Care 18:R52. doi: 10.1186/cc13798 

 Jafari, A. A., Shah, M., Mirmoeeni, S., Hassani, M. S., Nazari, S., Fielder, T., et al. (2022). Paroxysmal sympathetic hyperactivity during traumatic brain injury. Clin. Neurol. Neurosurg. 212:107081. doi: 10.1016/j.clineuro.2021.107081 

 Kang, J., Huang, L., Tang, Y., Chen, G., Ye, W., Wang, J., et al. (2022). A dynamic model to predict long-term outcomes in patients with prolonged disorders of consciousness. Aging 14, 789–799. doi: 10.18632/aging.203840 

 Khanna, A., Pascual-Leone, A., Michel, C. M., and Farzan, F. (2015). Microstates in resting-state EEG: current status and future directions. Neurosci. Biobehav. Rev. 49, 105–113. doi: 10.1016/j.neubiorev.2014.12.010 

 Kondziella, D., Bender, A., Diserens, K., van Erp, W., Estraneo, A., Formisano, R., et al. (2020). European academy of neurology guideline on the diagnosis of coma and other disorders of consciousness. Eur. J. Neurol. 27, 741–756. doi: 10.1111/ene.14151 

 Lehmann, D., and Michel, C. M. (2011). EEG-defined functional microstates as basic building blocks of mental processes. Clin. Neurophysiol. 122, 1073–1074. doi: 10.1016/j.clinph.2010.11.003 

 Liu, Y., Kang, X. G., Gao, Q., Liu, Y., Song, C. G., Shi, X. J., et al. (2023). Long-term outcomes among patients with prolonged disorders of consciousness. Brain Sci. 13:194. doi: 10.3390/brainsci13020194 

 Lucca, L. F., De Tanti, A., Cava, F., Romoli, A., Formisano, R., Scarponi, F., et al. (2021). Predicting outcome of acquired brain injury by the evolution of paroxysmal sympathetic hyperactivity signs. J. Neurotrauma 38, 1988–1994. doi: 10.1089/neu.2020.7302 

 Lucca, L. F., Lofaro, D., Pignolo, L., Leto, E., Ursino, M., Cortese, M. D., et al. (2019). Outcome prediction in disorders of consciousness: the role of coma recovery scale revised. BMC Neurol. 19:68. doi: 10.1186/s12883-019-1293-7

 Lv, K., Yuan, Q., Fu, P., Wu, G., Wu, X., Du, Z., et al. (2020). Impact of fibrinogen level on the prognosis of patients with traumatic brain injury: a single-center analysis of 2570 patients. World J. Emerg. Surg. 15:54. doi: 10.1186/s13017-020-00332-1

 Merlini, M., Rafalski, V. A., Rios Coronado, P. E., Gill, T. M., Ellisman, M., Muthukumar, G., et al. (2019). Fibrinogen induces microglia-mediated spine elimination and cognitive impairment in an Alzheimer’s disease model. Neuron 101, 1099–1108. doi: 10.1016/j.neuron.2019.01.014 

 Michel, C. M., and Koenig, T. (2018). EEG microstates as a tool for studying the temporal dynamics of whole-brain neuronal networks: a review. NeuroImage 180, 577–593. doi: 10.1016/j.neuroimage.2017.11.062 

 Nakae, R., Murai, Y., Morita, A., and Yokobori, S. (2022a). Coagulopathy and traumatic brain injury: overview of new diagnostic and therapeutic strategies. Neurol. Med. Chir. 62, 261–269. doi: 10.2176/jns-nmc.2022-0018 

 Nakae, R., Murai, Y., Wada, T., Fujiki, Y., Kanaya, T., Takayama, Y., et al. (2022b). Hyperfibrinolysis and fibrinolysis shutdown in patients with traumatic brain injury. Sci. Rep. 12:19107.

 Perkes, I., Baguley, I. J., Nott, M. T., and Menon, D. K. (2010). A review of paroxysmal sympathetic hyperacctivity after accuired brain injury. Ann. Neurol. 68, 126–135. doi: 10.1002/ana.22066 

 Portaccio, E., Morrocchesi, A., Romoli, A. M., Hakiki, B., Taglioli, M. P., Lippi, E., et al. (2018). Score on coma recovery scale-revised at admission predicts outcome at discharge in intensive rehabilitation after severe brain injury. Brain Inj. 32, 730–734. doi: 10.1080/02699052.2018.1440420 

 Septien, S., and Rubin, M. A. (2018). Disorders of consciousness: ethical issues of diagnosis, treatment, and prognostication. Semin. Neurol. 38, 548–554. doi: 10.1055/s-0038-1667384

 Song, M., Yang, Y., He, J., Yang, Z., Yu, S., Xie, Q., et al. (2018). Prognostication of chronic disorders of consciousness using brain functional networks and clinical characteristics. eLife 7:e36173. doi: 10.7554/eLife.36173 

 Sorensen, B., Larsen, O. H., Rea, C. J., Tang, M., Foley, J. H., and Fenger-Eriksen, C. (2012). Fibrinogen as a hemostatic agent. Semin. Thromb. Hemost. 38, 268–273. doi: 10.1055/s-0032-1309287 

 Stefan, S., Schorr, B., Lopez-Rolon, A., Kolassa, I. T., Shock, J. P., Rosenfelder, M., et al. (2018). Consciousness indexing and outcome prediction with resting-state EEG in severe disorders of consciousness. Brain Topogr. 31, 848–862. doi: 10.1007/s10548-018-0643-x 

 Tait, L., Tamagnini, F., Stothart, G., Barvas, E., Monaldini, C., Frusciante, R., et al. (2020). EEG microstate complexity for aiding early diagnosis of Alzheimer’s disease. Sci. Rep. 10:17627. doi: 10.1038/s41598-020-74790-7

 Tarailis, P., Koenig, T., Michel, C. M., and Griškova-Bulanova, I. (2024). The functional aspects of resting EEG microstates: a systematic review. Brain Topogr. 37, 181–217. doi: 10.1007/s10548-023-00958-9 

 von Wegner, F., and Laufs, H. (2018). Information-theoretical analysis of EEG microstate sequences in python. Front. Neuroinform. 12:30. doi: 10.3389/fninf.2018.00030

 Wang, J., Xu, L., Ge, Q., Xue, L., Liu, Y., Wang, C., et al. (2023). EEG microstate changes during hyperbaric oxygen therapy in patients with chronic disorders of consciousness. Front. Neurosci. 17:1145065. doi: 10.3389/fnins.2023.1145065

 Wannez, S., Heine, L., Thonnard, M., Gosseries, O., and Laureys, S., Coma Science Group Collaborators (2017). The repetition of behavioral assessments in diagnosis of disorders of consciousness. Ann. Neurol. 81, 883–889. doi: 10.1002/ana.24962 

 Whyte, J., Gosseries, O., Chervoneva, I., DiPasquale, M. C., Giacino, J., Kalmar, K., et al. (2009). Predictors of short-term outcome in brain-injured patients with disorders of consciousness. Prog. Brain Res. 177, 63–72. doi: 10.1016/S0079-6123(09)17706-3

 Xiong, Q., Le, K., Wang, Y., Tang, Y., Dong, X., Zhong, Y., et al. (2022). A prediction model of clinical outcomes in prolonged disorders of consciousness: a prospective cohort study. Front. Neurosci. 16:1076259. doi: 10.3389/fnins.2022.1076259 

 Yang, X. A., Song, C. G., Yuan, F., Zhao, J. J., Jiang, Y. L., Yang, F., et al. (2020). Prognostic roles of sleep electroencephalography pattern and circadian rhythm biomarkers in the recovery of consciousness in patients with coma: a prospective cohort study. Sleep Med. 69, 204–212. doi: 10.1016/j.sleep.2020.01.026 

 Zhang, C., Yang, Y., Han, S., Xu, L., Chen, X., Geng, X., et al. (2023). The temporal dynamics of large-scale brain network changes in disorders of consciousness: a microstate-based study. CNS Neurosci. Ther. 29, 296–305. doi: 10.1111/cns.14003 

 Zheng, R. Z., Lei, Z. Q., Yang, R. Z., Huang, G. H., and Zhang, G. M. (2020). Identification and management of paroxysmal sympathetic hyperactivity after traumatic brain injury. Front. Neurol. 11:81. doi: 10.3389/fneur.2020.00081


Copyright
 © 2024 Liu, Guo, Xie, Wu, Zhao, Xing, Fu, Zhou, Zhang and Wang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/xhtml/Nav.xhtml




Contents





		Cover



		Establishment and validation of a bad outcomes prediction model based on EEG and clinical parameters in prolonged disorder of consciousness



		1 Introduction



		2 Methods



		2.1 Data collection and clinical evaluation



		2.2 EEG collection



		2.3 EEG signal preprocessing



		2.4 Microstates analysis



		2.5 Prognosis



		2.6 Statistical analysis









		3 Results



		3.1 Basic clinical features of both the training set and the verification set



		3.2 Screening factors affecting prognosis



		3.3 Development and validation of the model



		3.4 Calibration and decision curve



		3.5 ROC curve to evaluate the discriminative ability









		4 Discussion



		5 Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Conflict of interest



		Publisher’s note



		Supplementary material



		References



















OPS/images/fnhum-18-1387471-t003.jpg
95%C

Lower

Frequency of Occurrence Microstate A
PSH
CRS-R

Fibrinogen (g/L)

0837
~1574
~0256

-073

0282

0517

0088

0.236

8793

9278

8.462

9.616

0.003

0.002

0.004

0.002

231

0.207

0774

0482

1328

0.075

0.652

0304

Upper

4016

0571

092

0764





OPS/images/cover.jpg
& frontiers | Frontiers in Human Neuroscience

Establishment and validation of a
bad outcomes prediction model
based on EEG and clinical
parameters in prolonged disorder
of conscioushess












OPS/images/crossmark.jpg
©

2

i

|






OPS/images/logo.jpg
, frontiers Frontiers in Human Neuroscience






OPS/images/fnhum-18-1387471-g004.jpg
pmr—

o8

o8

01

o

= e R e
g =
o 02 o o6 o 1o 00 o2 o o o 0
Prscio P Proetnd rtanion dtzssProgmosie





OPS/images/fnhum-18-1387471-g005.jpg
B
gr—
=






OPS/images/fnhum-18-1387471-g002.jpg
P<0.05

P<0.05

— 1 & T T 1
e ® © < ~ o

(/B)usbouniqiy

—I.|.—I0
s
0 90
S 2
g %,
4 %,
8,
_vexe %,
% e,
%, %,
% %
T 1 1T 1T 1
[ S A Y %
v-sd0 K3





OPS/images/fnhum-18-1387471-g003.jpg
o 0 < el hid el o0 n e €2 100
Points
OPS-A
45 4 35 3 25 2 15 1 05 0
0
PSH —_—

Fibrinogen (g/L)

CRS-R

Total Points

Prob of Prognosis

140 160 180 200 220 240

05 08 09





OPS/images/fnhum-18-1387471-t002.jpg
Favorable Unfavorable

prognosis prognosis

Patients (1 %) 107 53 (49.5) 54(505)

Gender (male n %) 68 35(514) 33(48.5) 0.597
Age (years) 5022+ 14.23 51.45+12.01 49.02£16.14 0378
Cause of coma (trauma n %) 50 24(18.0) 26(520) 0551
Diabetes (11 %) 3 5(38.4) 8(615) 036
Hypertension (n %) 42 24(57.1) 18(42.9) 0.21
Coronary heart disease (1 %) 10 6 (60.0) 4(40.0) 0.49
Combined with epilepsy (n %) 38 16 (42.1) 22(579) 025
Combined with PSH (n %) 44 12(27.3) 32(727) 0.01
“Tracheotomy (n %) 92 47 (48.9) 47 (51.1) 075
Hydrocephalus (1 %) 47 22 (168) 25(532) 062
Lymphocyte (10° L) 1.47 (1.09-2.01) 1.43 (1.05-2.18) 1.48 (1.15-1.87) 099
Hemoglobin (g/L) 114.29+17.26 1132141546 115.35418.94 0525
Glucose (mmol/L) 5.25(4.61-6.21) 5.28(4.71-6.27) 5.09 (4.39-6.20) 039
Fibrinogen (g/L) 4.49 (4.01-5.00) 4.90 (4.29-5.43) 4.12 (3.87-4.66) 0.01
Albumen (g/L) 33724479 33.64+4.39 33.81+5.20 0.854
Frequency of Occurrence Microstate A 1.96 (1.13-2.79) 1.73(0.77-2.27) 2.38(1.58-3.06) 0.001
Frequency of Occurrence Microstate B 2.15(0.71-3.18) 2.04(0.74-3.22) 2.16(0.71-3.16) 0.876
Frequency of Occurrence Microstate C 237(1.29-3.32) 2,00 (1.22-3.48) 262(1.59-3.15) 0.774
Frequency of Occurrence Microstate D 1.98 (1.08-3.12) 1.87 (0.76-3.10) 2.20(1.60-3.19) 0.239

CRS-R scale 7(5-10) 9(6-11) 5(4-8) 001





OPS/images/fnhum-18-1387471-g006.jpg
o0

uciosse 01040520

0520 010-1.000)

o0






OPS/images/fnhum-18-1387471-t001.jpg
Total Training set Validation set p-value

Patients (1 %) 134 107(799) 27(20.0) -

Gender (male n1%) 86 68(79.1) 18/(20.9) 076
Age (years) 50 (40-61) 53 (40-61) 46 (38-55) 019
Cause of coma (trauma n %) 60 50(83.3) 10(16.6) 078
State of consciousness at admission (VS/MCS 1 %) 69765 53(76.8)/54 (83.1) 16(23.2)/11 (169) 083
Diabetes (%) 13 13 (100) 0(0) 006
Hypertension (n %) 52 42(308) 10(19.2) 083
Coronary heart disease (1 %) n 10(909) 10.) 034
Combined with epilepsy (n %) 48 38(79.2) 10(208) 088
Combined with PSH (%) 56 44(786) 12(214) 075
Tracheotomy (1 %) 4 92(80.7) 2(193) 056
Hydrocephalus (1 %) 58 47 (81.0) 11(19.0) 077
Lymphocyte (10°L) 139 (1.01-2.02) 147 (1.09-2.01) 133 (0.89-2.07) 036
Hemoglobin (g/L) 11437£17.33 1142917.26 114.69+17.92 092
Glucose (mmol/L) 5.7 (456-6.07) 525 (461-621) 5.5 (4.50-5.40) 019
Fibrinogen (g/L) 446 (3.99-5.00) 449 (401-5.00) 425 (3.88-5.66) 077
Albumen (g/L) 33.90 (31.18-37.30) 338 (31.10-37.10) 344 (32.10-40.10) 026
Frequency of Occurrence Microstate A 197 (117-2.80) 1.96 (113-2.80) 206 (1.27-2.85) 077
Frequency of Occurrence Microstate B 214(073-3.17) 215 (0.71-3.18) 2.14(098-299) 098
Frequency of Occurrence Microstate C 237(1.23-3.32) 237(1.29-332) 237(098-333) 078
Frequency of Occurrence Microstate D 1.95(1.02-3.04) 1.98 (1.08-3.121) 179 (098-2.74) 025

CRS-Rscale 7(5-10) 7(5-10) 6(4-10) 067





OPS/images/fnhum-18-1387471-e001.jpg
S LVi() = Vinea ()]

k

GFP =





OPS/images/fnhum-18-1387471-g001.jpg
Disorder of consciou
sness(N=134)

Twelve people were
eliminated, 5 of whom were

ost to follow-up, and 7 had
poor EEG data quality.

Training Validation
set(N=107) set(N=27)
univariate logistic
regression analysis
validation
multivariate
logistic regression
analysis
independent building a

predictors

nomagram model






