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Objective: We introduce the comprehensive inflammatory prognostic index (CIPI), a novel prognostic tool for critically ill cerebral infarction patients, designed to meet the urgent need for timely and convenient clinical decision-making in this high-risk patient group.

Methods: Using exploratory factor analysis on selected indices—neutrophil to lymphocyte ratio (NLR), systemic inflammation response index (SIRI), and systemic immune inflammation index (SIII)—we derived CIPI, a latent variable capturing their combined predictive power. Data from 1,022 patients in the Medical Information Mart for Intensive Care (MIMIC)-IV database were used to develop CIPI-based survival models, with the robustness and area under the receiver operating characteristic curve (AUC) performance of CIPI validated against an independent dataset of 326 patients from the MIMIC-III CareVue subset. The CIPI’s predictive power for in-hospital and intensive care unit (ICU) mortality was assessed through Kaplan–Meier analysis, univariate and multivariate Cox regression models, and time-dependent AUC analysis. Linearity, subgroup sensitivity analyses and interaction effects with CIPI were also evaluated.

Results: CIPI was an independent prognostic factor, demonstrating a statistically significant association with in-hospital and ICU mortality, when assessed as a continuous and a categorical variable. It showed a linear relationship with mortality rates and demonstrated stability across most subgroups, with no significant interactions observed. Its predictive capabilities for in-hospital and ICU mortality among critically ill cerebral infarction patients matched those of established prognostic indices in the MIMIC database.

Conclusion: Our study indicates that CIPI is a reliable and effective prognostic tool for critically ill cerebral infarction patients in predicting in-hospital and ICU mortality. Its straightforward calculation, rooted in routine blood tests, enhances its practicality, promising significant utility in clinical settings.
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Introduction

Critically ill patients suffering from cerebral infarction, a distinct and severe form of ischemic stroke, constitute a subgroup with substantial healthcare needs (1). Marked by significant neurological deficits and prone to multi-system complications and comorbidities, these individuals often require intensive care unit (ICU) management (2, 3). The seriousness of their condition is mirrored in the elevated mortality rates observed during their hospital stays (4, 5), underscoring the pressing need for enhanced prognostic tools. Precisely and timely predicting which patients in the ICU with cerebral infarction are most at risk of adverse outcomes is a critical clinical imperative; it is a key determinant that can profoundly influence the direction of therapeutic strategies and patient care (6). Building on previous research, our study is committed to identifying an independent and comprehensive prognostic index that is not only effective but also accessible in predicting in-hospital and ICU mortality for this at-risk patient group.

Increasingly, prognostic significance in critically ill patients with cerebral infarction is being assigned to inflammation-related composite hematological indices (7–9). Indices such as the neutrophil to lymphocyte ratio (NLR), systemic inflammation response index (SIRI), and the systemic immune inflammation index (SIII) have all been independently associated with in-hospital mortality in critically ill patients with cerebral infarction (8–10). However, including these highly correlated composite hematological indices in survival analysis models simultaneously can lead to common issues like multicollinearity, complicating their interpretation and potentially weakening the model’s overall predictive accuracy (11–13). To overcome this issue, our study implemented a novel, data-driven approach. Initially, we performed a preliminary screening of various composite inflammatory indices to select those with the best predictive capabilities. After that NLR, SIRI, and SIII were selected based on their superior predictive abilities. Subsequently, we applied exploratory factor analysis (EFA) to these chosen indices, leading to the identification of a latent variable, which we have named the comprehensive inflammatory prognostic index (CIPI). CIPI encapsulates the predictive capacities of each of the three individual indices, enhancing their combined utility and potentially addressing the inherent limitations by integrating highly correlated and collinear variables into a single model.

The aim of our study was to identify and confirm CIPI as an independent prognostic factor for critically ill patients with cerebral infarction, with a specific focus on in-hospital and ICU mortality, and to evaluate its predictive performance. This endeavor seeks to equip clinicians with a more effective and convenient tool, thereby enhancing their decision-making capabilities in patient care and potentially improving treatment outcomes.



Methods


Data source

In our study, we predominantly used the Medical Information Mart for Intensive Care (MIMIC)-IV (v2.2) database, a valuable and comprehensive resource for critical care research (14, 15). To enhance the robustness of our findings, we performed an external validation using the CareVue subset of the MIMIC-III (v1.4) database (15, 16). This subset supplied an independent collection of patient data not found in MIMIC-IV, enabling us to circumvent any duplication due to overlapping admissions. The first author, after completing the National Institutes of Health’s Protecting Human Research Participants web course, secured permission to access these datasets. The research committees at the Massachusetts Institute of Technology and Beth Israel Deaconess Medical Center approved their use for research, and a waiver of informed consent was granted.



Data extraction and variables selection

Data extraction was executed using Python’s SQLAlchemy and pandas libraries, connected to a PostgreSQL (version 13.7.2) database, and leveraging Structured Query Language (SQL) for the necessary queries. Critically ill patients diagnosed with cerebral infarction were identified in the database by the following International Classification of Diseases, Ninth Revision (ICD-9) codes: 43,301, 43,311, 43,321, 43,331, 43,381, 43,391, 43,401, 43,411, and 43,491; as well as the Tenth Revision (ICD-10) code I63. The deduplication process was conducted based on clinical rationale, prioritizing the initial cerebral infarction diagnosis for each unique ICU stay. In cases of multiple ICU stays within a single hospital admission, any occurrence of death was considered a single mortality event. If no death occurred, the record corresponding to the patient’s first ICU stay was selected. We eliminated all patients with primary blood diseases by using ICD codes, as well as patients for whom records of lymphocytes, monocytes, neutrophils or platelet were absent (Figure 1).
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FIGURE 1
 Computation process of the latent variable for survival analysis. We conducted a thorough evaluation of multiple inflammation-related composite hematological indices, using time-dependent AUC analysis as the criterion to identify suitable manifest variables for exploratory factor analysis. Ultimately, NLR, SIRI, and SIII were selected for the factor analysis. The initial inflammation-related composite hematological indices evaluated were as follows: SIRI (systemic inflammation response index) = (neutrophil * monocyte)/lymphocyte; SIII (systemic immune inflammation index) = (platelet * neutrophil)/lymphocyte; NLR (neutrophil to lymphocyte ratio) = neutrophil/ lymphocyte; LMR (lymphocyte to monocyte ratio) = lymphocyte/monocyte; PWR (platelet to white blood cell ratio) = platelet /white blood cell; PNR (platelet to neutrophil ratio) = platelet /neutrophil; PLR (platelet to lymphocyte ratio) = platelet/lymphocyte.


In the selection of covariates from the MIMIC-IV database, we prioritized those with no missing values or those where less than 20% of the data was missing, with missing values for relevant variables filled in using the KNNImputer method (17). Notably, initial post-admission results were used for laboratory indicators. Averages for vital signs were taken from the first 24 h in the ICU, during which time established and widely-recognized prognostic scores were also assessed; these scores were later compared with the CIPI to evaluate predictive accuracy.

For external validation of CIPI, the same extraction, deduplication, and data processing methods were applied to the MIMIC-III CareVue subset, following the exact standards used with the MIMIC-IV database. The data processing included outlier exclusion, data transformation, standardization, and latent variable weight extraction. The MIMIC-III CareVue subset was employed to validate univariate Cox regression analysis of CIPI, SIRI, SIII, and NLR, as well as the time-dependent area under the receiver operating characteristic curve (AUC) analysis for predicting in-hospital and ICU mortality using CIPI.



Clinical outcomes

The primary outcome measure in the present study was in-hospital mortality, with ICU mortality as the secondary outcome.



Statistical analysis

Initially, we applied time-dependent AUC analysis to the raw data from the MIMIC-IV database, aiming to identify appropriate manifest variables for EFA (Figure 1). This analysis focused on a broad spectrum of composite hematological indices. These selected manifest variables (SIRI, SIII, and NLR) underwent correlation and multicollinearity analyses, outlier removal, and normality testing via the Shapiro–Wilk test, histograms, and Q-Q plots. To enhance their normality, we applied a Box-Cox transformation. Following the standardization of these variables, they were subjected to Kaiser-Meyer-Olkin and Bartlett’s Test of Sphericity to assess their suitability for EFA. Subsequently, we conducted EFA, generating a factor scoring coefficient equation that enabled us to calculate the latent variable score and evaluate its contribution (Figure 1).

We treated CIPI both as a continuous variable and divided it into four groups based on quartiles (Q1, Q2, Q3, Q4). Furthermore, all other variables were similarly divided into quartile-based groups corresponding to the CIPI quartiles for subsequent analyses and comparisons. Continuous variables are reported as the median and interquartile range. Categorical variables are represented as frequency counts and percentages. The quartile groups were compared using the Kruskal-Wallis test for continuous variables due to their non-parametric distribution, and the Chi-square test was employed for categorical variables.

Kaplan–Meier analysis evaluated in-hospital and ICU mortality across CIPI quartiles (Q1–Q4), with survival differences tested using log-rank tests. We assessed the linearity of CIPI using a restricted cubic spline with default knots. This was followed by a comparison between linear and non-linear Cox models via the Akaike Information Criterion (AIC) and an ANOVA test. We applied Cox proportional hazards models to compute the hazard ratios (HR) and 95% confidence intervals (CI) associated with the CIPI, using both its continuous form and quartile divisions (Q1–Q4), with reference to Q1. Model covariates were chosen based on clinical relevance, prognostic value from literature, and expert opinion. Trend p-values across quartiles were additionally computed to assess the dose–response relationship. We conducted sensitivity analyses to further evaluate the robustness of our findings. In these analyses, CIPI’s predictive value was assessed across different patient subgroups, including factors such as sex, age, marital status, whether cerebral infarction was the first diagnosis, and the presence of comorbidities like diabetes, heart failure, kidney disease, and sepsis. Separate Cox proportional hazards models were utilized for each subgroup, and the value of p for interaction was assessed to determine the existence of a significant interaction effect. Time-dependent AUC analysis was employed to assess the predictive accuracy of the CIPI in comparison with other established ICU patient prognosis scores available in the MIMIC database. Detailed information on these scores can be found at: https://github.com/MIT-LCP/mimic-code/tree/main/mimic-iv/concepts_postgres/score. The Delong method was used to ascertain the statistical significance of AUC differences.

Statistical significance was set at a two-tailed p-value < 0.05. A variance inflation factor (VIF) greater than 10 was taken to indicate the presence of multicollinearity. We conducted a power analysis for determining the minimum effective sample size required for our multivariate Cox regression analysis, following the method proposed by Riley et al. and utilizing the “pmsampsize” R package (18, 19). The key parameters selected for our analysis included: an event rate of 12%, representing the lowest integer value for in-hospital and ICU mortality rates observed in our cohort; a maximum of 17 candidate predictors, which was the highest number included in any of our constructed Cox regression models; and a Cox and Snell R-squared value set at 0.15. Our conservative estimate yielded a minimum effective sample size of 933, which is surpassed by the size of our actual sample. Analyses were executed using R software (version 4.2.3) and Python (version 3.9.13).




Results


CIPI and baseline characteristics

The selected manifest variables for EFA, NLR, SIRI, and SIII, exhibiting higher AUC across various time points, demonstrated strong correlations and multicollinearity, as shown by their high Pearson coefficients and variance inflation factors (VIFs; Figure 1). Following outlier removal, normality checks, and Box-Cox transformations, our data met the criteria for EFA (Figure 1). The resulting CIPI, derived from our EFA, is as follows: CIPI = 0.896 *SIII +0.797 *SIRI +0.923 *NLR. A total of 1,022 patients from the MIMIC-IV database were ultimately enrolled for analysis. The median age of the enrolled patients was 69 [59, 80] years, and 530 (51.9%) were men. The in-hospital mortality and ICU mortality rate were 17.4% and 12.8%, respectively. A total of 326 patients were selected from the MIMIC-III CareVue subset. The median age of the enrolled patients was 75 [59, 83] years, and 156 (47.9%) were men. The in-hospital mortality and ICU mortality rate were 30.4% and 19%, respectively.

Table 1 presents a comprehensive analysis of the variables in the study cohort, based on the CIPI quartiles. A progressive trend was observed across the quartiles for a wide array of variables. Specifically, the rates of congestive heart failure, sepsis3, RDW, PT, BUN, glucose, heart rate, respiratory rate, SAPSII, APSIII, hospital expire time, WBC, neutrophils, NLR, PLR, SIII, and SIRI increased incrementally from Q1 to Q4. Conversely, the median values of PPT, eosinophils, lymphocytes, LMR, PNR, and PWR showed a significant decrease from Q1 to Q4. The mortality rates within the hospital and ICU settings also escalated with higher CIPI scores, with in-hospital mortality rates rising from 10.5% in Q1 to 27.7% in Q4 and ICU mortality rates increasing from 8.2% in Q1 to 18.8% in Q4. These findings highlight the stepwise changes in clinical parameters across CIPI quartiles and underscore the potential role of CIPI scores in risk stratification among critically ill patients with cerebral infarction.



TABLE 1 Baseline characteristics of the study population in MIMIC-IV v 2.2.
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Survival curves and linearity assessment

Kaplan–Meier survival curves were plotted for the four groups defined by CIPI quartiles and compared using the log-rank test. The p-values of 0.00011 and 0.012, displayed on the survival plots (Supplementary Figures 1A,B), denote statistically significant differences in survival distributions across these quartiles. This highlights the impact of CIPI on both patient in-hospital mortality and ICU mortality. According to the restricted cubic spline plots and AIC comparisons (p = 0.051 and p = 0.132), CIPI appears to have a linear relationship with both in-hospital and ICU mortality rates (Supplementary Figures 1C,D).



Univariate Cox regression analysis

In the MIMIC-IV dataset (Table 2), all four indices (CIPI, SIRI, SIII, and NLR) showed significant HR with both in-hospital and ICU mortality when treated as continuous variables. In quartile analysis, all indices, excluding SIII, exhibited significant HR differences between Q1 and Q4, along with a significant increasing trend from Q1 to Q4. Notably, CIPI also revealed a significant HR difference between Q1 and Q3. When we applied the same methods used in the MIMIC-IV dataset to the MIMIC-III CareVue subset (Table 2), only CIPI demonstrated statistically significant HR in predicting both in-hospital and ICU mortality when treated as a continuous variable. Analyzed as quartiles, all indices lacked significant trends from Q1 to Q4, likely due to the smaller sample size. For in-hospital mortality, only CIPI demonstrated a significant HR difference between Q1 and Q4. For ICU mortality, such a significant HR difference was seen only in CIPI and SIII between Q1 and Q3. The results consistently emphasized the superior predictive performance and robustness of CIPI over its individual manifest variables used in the EFA, in both the original dataset and external validation, thus underscoring the value of consolidating these variables into a single index.



TABLE 2 Univariate Cox regression analysis for CIPI, SIRI, SIII, and NLR.
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Multivariate Cox regression analysis

As seen in Table 3, our results indicate that the CIPI, as a continuous variable, consistently exerted significant predictive power for both in-hospital and ICU mortality across all four models, emphasizing its independence and robustness as a prognostic factor. Upon categorization into quartiles, a significant trend in CIPI signaled a dose–response relationship with mortality risk. Particularly for in-hospital mortality, higher CIPI quartiles were significantly correlated with increased risk across all models. This, however, was not mirrored in ICU mortality, where interquartile comparisons did not consistently show statistical significance. This suggests that the CIPI quartiles might not be able to capture the nuances of ICU mortality risk effectively. To address this, we transformed CIPI into a trichotomy, which revealed that higher CIPI values were indeed significantly associated with elevated ICU mortality risk. These findings underscore the potential utility of CIPI as a nuanced prognostic tool for critically ill patients with cerebral infarction.



TABLE 3 Performance of CIPI in multivariate Cox analysis.
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Utilizing all independent prognostic factors identified in above models, and corroborated through VIF analysis to avoid multicollinearity with well-recognized ICU prognostic indicators, we formulated our final model, as demonstrated in Figure 2. The results showed that, for in-hospital mortality prediction, only CIPI and SAPSII surfaced as independent prognostic factors. On the other hand, for ICU mortality, CIPI alone maintained its prognostic significance. The results of including CIPI as a four-category graded variable in the model align with those observed when it is treated as a continuous variable. These findings strongly underscore the unique clinical value of CIPI as an independent factor in predicting mortality outcomes.

[image: Figure 2]

FIGURE 2
 Multivariate Cox analysis confirms that CIPI is an independent prognostic factor for both in-hospital mortality (A and C) and ICU mortality (B and D).




Subgroup and interaction analysis

For in-hospital mortality (Supplementary Figure 2A), all subgroups (except those aged under 60) displayed statistically significant HR values. The risk change associated with each increase in CIPI varied among these subgroups. For instance, in patients where cerebral infarction was the first diagnosis, each increase in CIPI resulted in a 2.041-fold higher death risk [HR (95% CI) 2.041 (1.501–2.776)]. However, when cerebral infarction was not the first diagnosis, the risk was 1.237-fold [HR (95% CI) 1.237 (1.026–1.491)]. For patients with severe infections, the risk was 1.226-fold [HR (95% CI) 1.226 (1.023–1.470)]. Without severe infections, the risk more than doubled to 2.092-fold [HR (95% CI) 2.092 (1.517–2.886)]. These results reaffirm the CIPI’s robust independent prognostic power, given that the interaction p-values were above 0.05 for all variables, except sepsis (p = 0.002). For ICU mortality (Supplementary Figure 2B), the HR values for CIPI were not statistically significant in several subgroups. However, in all other subgroups, the HR values were significant, proving that the CIPI remains a strong prognostic tool even after controlling for these factors. The absence of significant interaction with these subgroups confirms CIPI’s independent predictive value.



Time-dependent survival analysis

CIPI demonstrates superior predictive performance over several existing prognostic indicators for in-hospital mortality across various time points (Table 4). Notably, the CIPI consistently outperforms the GCS in terms of AUC at all analyzed time points except for the first day, and surpasses the SIRS and SOFA in AUC at day 8. In the context of ICU mortality, CIPI exceeds the GCS in AUC for mortality prediction at 2, 4, 6, and 8 days, but the OASIS performs better within the first day (Table 4). There is no significant difference in AUC between the CIPI and other established prognostic indicators at the remaining time points, for either in-hospital or ICU mortality.



TABLE 4 Comparison of time-dependent survival analysis AUC values.
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Further, the CIPI underwent external validation, with results illustrated in Table 4. This validation strengthens the evidence of CIPI’s robustness and reliability as a prognostic tool.




Discussion

This study introduces CIPI and validates its role as an independent prognostic factor for critically ill patients with cerebral infarction. Its predictive capacity is comparable to that of established prognostic indicators. However, the CIPI offers notable advantages in terms of simplicity and operational ease. It relies solely on the results of routine blood tests. With a programmed calculation using these readily available values, clinicians can quickly and effortlessly obtain the CIPI, simplifying the prognostic process significantly.

In our study, we diligently improved our research methodology to ensure robust and accurate results. We used the MIMIC-III CareVue subset as an independent validation set, unlike previous studies that combined unfiltered data from MIMIC-III and MIMIC-IV (20–24), which can lead to data duplication and affect the stability and accuracy of results. In most research on ischemic stroke patients using the MIMIC database, the selection of cases is overly broad. Many studies indiscriminately include all patients coded under ICD-9: 433, ICD-9: 434, ICD-9: 436, and ICD-10: I63 (25–28). However, half of these specific sub-codes, such as 433.00: Occlusion and stenosis of the basilar artery without mention of cerebral infarction, 433.10: Occlusion and stenosis of the carotid artery without mention of cerebral infarction, 433.20: Occlusion and stenosis of the vertebral artery without mention of cerebral infarction, and 433.30: Occlusion and stenosis of multiple and bilateral precerebral arteries without mention of cerebral infarction, do not necessarily diagnose an ischemic stroke. Instead, they signify susceptibility factors for such a stroke. Consequently, this indiscriminate approach to case selection creates a significant selection bias. In statistical terms, this is problematic because it can lead to an overestimation of the associations between the supposed risk factors and ischemic stroke outcomes. Such overestimation can distort the true relationships under study and result in spurious conclusions. By strictly selecting records based on a cerebral infarction diagnosis, we minimized such selection bias, hence enhancing the accuracy and validity of our study. Due to the aforementioned bias in case selection, the independent prognostic utility of many indices warrants reevaluation. For instance, while numerous studies have validated NLR, SII, and SIRI as effective prognostic indicators, our stringent selection criteria and univariate Cox regression analysis results revealed that the performance of these indices individually was not as effective, particularly when compared with our newly proposed CIPI index in the MIMIC-III CareVue subset.

The robustness of CIPI as an independent prognostic indicator was extensively validated in our study. Following rigorous variable selection and multicollinearity tests, we constructed a final multivariate Cox regression model that included several officially recognized prognostic indices from the MIMIC database, such as GCS, SIRS, SOFA, SAPSII, OASIS, LODS, and APSIII (16, 29), as illustrated in Figure 2. The results revealed that CIPI and SAPSII were the only independent predictors of in-hospital mortality. Moreover, CIPI emerged as the unique independent predictor for ICU mortality. This indicates that many prognostic indicators, although effective, may overlap in their predictive functions for critically ill cerebral infarction patients and lose their individual prognostic utility when combined. The CIPI we introduced is a latent variable derived from EFA of NLR, SIII, and SIRI, encapsulating their combined contributions to critically ill patient prognosis in cerebral infarction. The composition of NLR, SIII, and SIRI share common elements, such as neutrophils and lymphocytes, yet each has its focus: SIII on platelets, and SIRI on monocytes (9, 30, 31). This composition reflects their inherent high correlations and unique characteristics. Together, they capture various aspects of the systemic inflammatory response and coagulation process, key factors influencing outcomes in cerebral infarction patients (32). Inflammation is a key mechanism in stroke, and the post-stroke inflammatory response plays a vital role in secondary brain injury and activation of coagulation (33, 34). The disruption of normal coagulation processes after cerebral infarction can lead to exacerbated ischemic damage in the brain, and also activate multiple inflammatory pathways (35). The changes in peripheral blood indicators like neutrophils, lymphocytes, monocytes, and platelets are sensitive markers of the body’s cascade response to cerebral infarction, especially in the presence of severe complications and comorbidities (36, 37). By conducting EFA on NLR, SIII, and SIRI, CIPI maintains their common features while enhancing their unique contributions. This underpins CIPI’s independence compared to traditional ICU prognostic indicators. Furthermore, our confirmation of its linear relationship with mortality rates, along with its resilience to interaction effects, strengthens our belief in CIPI’s potential for clinical application as an independent prognostic tool.

In our time-dependent AUC analysis, we observed that no existing prognostic indices from the MIMIC database, such as GCS, SIRS, SOFA, SAPSII, OASIS, LODS, and APSIII (16, 29), statistically significantly outperformed CIPI at all analyzed time points. This indicates that, overall, CIPI’s ability to predict in-hospital and ICU mortality among critically ill cerebral infarction patients is on par with these established indices. This equivalency in performance could be attributed to the fact that these indices, including CIPI, reflect patient prognosis from different perspectives, as supported by references (38–44). Given the complexity and rapid disease progression in ICU settings, it is challenging to identify a single prognostic indicator that completely surpasses others in all dimensions of patient care. This highlights the multifaceted nature of critical care prognosis, where each indicator provides unique insights without statistically outperforming the others. Hence, the deep research value of a prognostic indicator in such a context lies significantly in its accessibility and ease of evaluation. Recent studies have also been focused on finding simple indices for predicting outcomes in critically ill cerebral infarction patients. For instance, Zhao et al. reported AUC values of 0.552, 0.644, and 0.541 for NLR, neutrophil to albumin ratio, and red cell distribution width to albumin ratio, respectively, in predicting 30-day mortality in critical stroke patients (45). Jhou et al. found that plasma anion gap predicted in-hospital mortality in ICU acute ischemic stroke patients with an AUC of 0.631 (46). Chen et al. used the triglyceride glucose index to predict in-hospital mortality in critical cerebrovascular disease patients, achieving an AUC of 0.610 (47). Our CIPI showed AUC values greater than 0.6 for predicting both in-hospital and ICU mortality at multiple time points, with an AUC of 0.753 for predicting in-hospital mortality and 0.718 for ICU mortality on the second day of ICU admission. This predictive ability is, to a certain extent, superior to the aforementioned indices. Additionally, CIPI offers a significant advantage as it is derived entirely from a routine complete blood count test. This test, a routine blood draw performed for every critically ill patient upon admission, provides all the necessary data at once for the CIPI calculation. This method, complemented by a streamlined calculation process, makes CIPI a more convenient and rapid prognostic tool compared to most indices in the MIMIC database. Moreover, our study confirms that CIPI, exhibiting significant predictive value both as a continuous variable with a linear relationship and as a categorical variable with statistically significant trend p-values, holds promise for guiding more personalized treatment strategies. Patients with higher CIPI scores may benefit from more aggressive interventions due to their increased risk, whereas those with lower scores might be managed with less intensive treatments, reducing unnecessary medical interventions and associated risks. However, the integration of CIPI into clinical decision-making should be approached with caution. Additional clinical trials are necessary, to further explore how CIPI’s application in clinical settings affects patient outcomes and treatment efficacy.

This study, while offering valuable insights, is subject to a few limitations. First, as a retrospective analysis, it inherently faces selection bias and potential unmeasured confounders that could influence the results. Second, due to its nature as a data mining study, the scope of data available was limited. We were unable to include comprehensive patient data such as imaging studies or genomics information as covariates in our CIPI survival analysis. This limitation may have led to an underestimation of the multifactorial nature of severe cerebral infarction prognosis, potentially affecting its predictive accuracy and generalizability to broader patient populations. Finally, the study utilized the MIMIC database, a single-center dataset with a large and diverse patient population. However, the outcomes observed may not be applicable to other clinical settings or patient populations. Therefore, multi-center studies are necessary to validate our findings and to further explore the predictive value of CIPI.



Conclusion

This study introduces the CIPI as a robust and enhanced independent prognostic factor for critically ill patients with cerebral infarction, demonstrating linear predictability and statistically significant prognostic effectiveness both as a continuous and categorical variable. The CIPI not only matches the predictive power of established prognostic indicators but also surpasses them in simplicity and operational ease. Its derivation solely from routine complete blood count data and the potential for quick computer algorithm processing make it a practical tool for clinical use. Further multi-center studies are needed to validate these findings and to deepen the exploration of the potential utility of CIPI.
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Demographics
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Male, n(%) 30 (51.9) 119 (46.5) 131 (51.4) 139 (54.5) 141 (55.1) 0.190
Married, n(%) 412 (40.3) 111(43.4) 104 (40.8) 106 (41.6) 91(35.5) 0309
Race, n(%) 0553
White 638 (62.4) 162(63.3) 154 (60.4) 153 (60.0) 169 (66.0)

Black 136 (133) 39(152) 36 (14.1) 34(133) 27(105)

Other 248 (24.3) 55(21.5) 65(25.5) 68(267) 60 (23.4)

Insurance, n(%) 0.086
Medicaid 67 (6.6) 15(5.9) 12(4.7) 17(6.7) 23(9.0)

Medicare 480 (47.0) 115 (44.9) 121 (475) 110 (43.1) 134 (523)

Other 475 (46.5) 126 (49.2) 122 (47.8) 128 (50.2) 99(38.7)

LOS hospital, (days) 9.97 [497,18.70) 7.60(353,15.19) 10.73[5.16,19.55] 1092 [5.11,19.66] 1168 (6.38,20.52] <0.001
hospital mortality, n(%) 178 (17.4) 27(105) 27 106) 53(208) 71@77) <0001
LOS ICU, (days) 4.20(1.89,9.95] 3.30[0.69,7.64] 4.15(1.80,10.62] 4.85(2.34,11.70) 4.84(2.17,10.86] 0.001
1CU mortality, n(%) 131 (12.8) 21(8.2) 20(7.8) 42(165) 48(18.8) <0.001

Vital signs

Heart rate (bpm) 7998 (70.649096] 7803 (68.73,87.76) | 79.04(71.04,89.38] 79.81(69.949275) 82.92(73.2994.08) 0.001
Respiratory rate (bpm) 1888 [16912138]  18.22(16.462058] | 18.63[1699,21.01] 19.13[1694,21.82] 19.45[17.80,21.92] <0.001
SBP (mmHg) 127.17[113.09,141.82] 12612 12920 12356 [11037,140.83]  127.99 (11230,143.43] 0174
[113.89,141.76] [116.42,141.79)
DBP (mmHg) 67.22(58.707636] 6836 (61.19,78.00] | 67.88 (58.97,76.25] 65,39 (57.71,74.88] 66.73(58.46,75.62) 0024
MBP (mmHg) 8404(74.939342]  8591(76.02,94.70] | 8571 [75.36,94.57] 8220 (72839241] 83.29(74.85.92.88] 0042
Temperature (°C) 3687(36.6637.12] 3679 (36.63,37.03] | 36.86 [36.68,37.09] 36.94(36.67,37.16] 36.91(36.68,37.21] 0002
$p02 (%) 9718 [9588,9857)  97.18[96.07.9861]  97.28(95.90,98.66] 96.99 (95.75.98.43] 97.2995.79.98.56] 0745

Laboratory parameters

apt ~002(-069066]  ~LII[-142,0.86] = -035[-0.51,0.21] 031(0.150.48] 120[095,1.51] <0.001
PLR 144.69[95.29.22.10]  89.44 [6254,11696] | 12876 [93.57,167.40] | 17069 [121.61,217.65]  259.46 [183.24,341.30) <0.001
SIRI 301[1.54,6.02) 1.03[0.57,1.52] 237(1.733.27) 410287578 871(5.96,11.32) <0.001
sut 107784 337.66 84350 141187 2830.39 <0001
560.90,1906.41] [245.34,515.87) (654.83,1022.53] (1130.13,1721.11] (2131.95,3637.40]
LMR 247(1.573.77) 4,07 [3.09,6.47) 275 (2.01,3.90] 206 [1.47,3.24] 710.90.2.00] <0.001
PWR 2038(1441,27.94] | 2508 (16923501] 2157 [16.74,2892] 19.03 (13.50,24.70] 17.25 (12.56,22.89] <0.001
PNR 2721(18383981] 4163 (27.94,6144] | 30.13 (21.94,41.05] 2415 15923151) 19.94[14.51,26.45) <0.001
NLR 554(3.199.33) 2.17(1.60,2.76) 4.18(3.54,4.92] 7.08 (6.08,8.47) 12,95 [1032,16.13] <0.001
WBC (10'L) 9.90(7.62,13.10] 7.60(5.70,9.43] 9.20(7.10,11.80] 1080 [8.35,13.55] 13.00 (10.40,15.83] <0.001
Neutrophils (10°/L) 7.40(5.27,10.64) 4.563.28,5.98) 6.61(5.12,8.24] 8.466.66,11.02) 1120(8.90,13.71] <0.001
Lymphocytes (10°/L) 139 (0.89,1.99] 2.07(156,2.78) 158 (1.23,211) 1.23(0.88,1.67) 0.85(0.63,1.21] <0.001
Monocytes (10°/1) 0.580.38,0.83] 0.48 [0.34,0.67] 0.58 (0.40,0.84] 0.58039,0.89] 065 [0.43,091] <0.001
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RBC (10/L) 3.95(3.33,448) 3,98 [3.26,4.49] 3.95(3.384.52] 391(337,446] 3.95(3.39,446] 0939
RDW (1) 1410(1320,1540)  1370(13.00,1490) | 14.10[13.20,15.40] 1420 (1330,15.70) 14,30 (13.30,15.60] 0.002
Hematocrit (%) 3550(3033,3990]  3570(297840.12] | 35.80 [30.40,40.15] 35.50(30.35,39.50] 35.25 (30.60,39.80] 0986
Hemoglobin (g/dL) 11,60 [9.90,13.30] 1165 (9.75,13.40] 1160 [10.00,13.40] 11.70[9.70,13.25] 11.60[9.90,13.33] 0997
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INR 120 (1.10,1.38] 1.10(1.00,1.30] 110 (1.00,1.30) 120 (1.10,1.40) 120 (1.10,1.40) <0.001
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Congestive heart failure 292(28.6) 55(21.5) 68 (26.7) 75(29.4) 94(36.7) 0002
Diabetes mellitus 359 (35.1) 85(33.2) 89 (34.9) 90(35.3) 95(37.1) 0834
Renal disease 227 (222) 48 (18.8) 54(21.2) 60(23.5) 65(25.4) 0297
Liver disease 23(23) 8(.1) 4016) 6(24) 5(20) 0672
Malignancy 93 (9.1) 23(9.0) 19(7.5) 25(9.8) 26(102) 072
ca 6.00(4.00,8.00] 6.00(4.00,8.00] 6.00(5.009.00] 6.00(4.009.00] 7.00 (5.009.00] 0.451
Sepsis3, n (%) 490 (47.9) 97 (37.9) 117 (45.9) 120 (47.1) 156 (60.9) <0001
Prognosis scores

Ges 1500 (1400,1500]  15.00(14.75,1500] 1500 14.00,15.00] 15,00 (14.00,15.00] 15.00 (14.00,15.00] 0.067
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APSITL 3800 (29005400 3400[2475,48.25] | 37.00[28.00,51.00] 43.00 (31.50,59.00] 4400 [32.0057.00] <0.001

LOS, length of stay; CIPI, comprehensive inflammatory prognostic index; PLR, platelet to lymphocyte ratios SIRI, systemic inflammation response index; SIII, systemic immune inflammation
index; LMR, lymphocyte to monocyte ratio; PWR, platelet to white blood cell ratio; PNR, platelet to neutrophil ratio; NLR, platelet to lymphocyte ratio; WEC, white blood cells; RBC, red
blood cells; RDW, red blood cell distribution width; INR, international normalized ratio; PT, prothrombin time; PT', partial thromboplastin time; BUN, blood urea nitrogen; CCI, Charlson
comorbidity index; GCS, Glasgow coma score; SIRS, systemic inflammatory response syndrome; SOFA, sequential organ falure assessment; SAPSIL, simplified acute physiology score Il
OASIS, Oxford acute severity of liness score; LODS, logistic organ dysfunction score; APSIIL, acute physiology score II1






OPS/images/fneur-15-1287895-t002.jpg
CIPI SIRI Sl NLR

HR (95% CI) P-value HR(95%CI)  P-value HR (95% CI) P-value HR (95% CI) P-value
In-hospital mortality (MIMIC-IV database)

Cont 1422 (1.213,1.668) <0.001 1252(11241395) <0001 1,047 (1.021,1.074) <0.001 1311 (1158,1.485) <0001
Quartile P for trend:<0.001 Pfor trend: <0.001 P for trend:0.001 P for trend:<0.001

Ql Reference Reference Reference Reference

Q 0,812 (0.479,1.394) 0459 LI1L(0.664,1.858) 0.689 0,620 (0.367,1.047) 0074 0.869 (0.504,1.499) 0614
Q 1.607 (1.008,2.561) 0.046 1341 (0.828,2.172) 0.234 1,065 (0.690,1.644) 0777 1475 (0.896,2.428) 0.127
Qi 1.980 (1.270,3.089) 0.003 2380 (15323.69)  <0.001 1.648 (1.105,2.457) 0014 2.228 (1.396,3.556) <0.001
ICU mortality (MIMIC-IV database)

Cont 1369 (1.133,0.655) 0.001 1203 (1.062,1.363) 0.004 1,036 (1.006,1.067) 0019 1304 (1122,1.516) <0.001
Quartile P for trend:0.006 P for trend: 0.002 Pfor trend:0.076 P for trend:<0.001

Ql Reference Reference Reference Reference

Q 0.748 (0.405,1.382) 0.354 1204 (0.668,2.169) 0537 0.735 (0.417,1.297) 0289 0,824 (0.346,1.556) 0550
Q3 1418 (0.838,2.397) 0.193 1245 (0.711,2.178) 0.443 0.956 (0.579,1.578) 0859 1288 (0.723,2.292) 0390
Q4 1651 (1.002,2.762) 0.049 2.147 (1.282,3.595) 0.004 1389 (0.871,2.217) 0.168 1.946 (1.125,3.367) 0017

In-hospital mortality (MIMIC-III CareVue subset: external validation)

Cont 1232 (1.004,1.511) 0.045 1189 (0.997,1.417) 0.054 1021 (0.998,1.04) 0071 1,153 (0.999,1.329) 0.051
Quartile P for trend:0.068 P for trend:0.132 P for trend:0.067 P for trend:0.116

Qi Reference Reference Reference Reference

Q 1710 0.921,3.178) 0,09 1189 (0.997,1.417) 0.887 1367 (0.737,2.535) 0321 1726 (0921,3.235) 0.089
Q3 1742 (0.927,3.272) 0.085 1049 (0.575,1.912) 0877 1.780 (0.983,3.222) 0057 1792 (0.947,3.390) 0073
Qi 1.848 (1.010,3.381) 0.046 1521 (0.872,2.653) 0.140 1651 (0.919,.2.996) 0093 1748 (0.939,3.254) 0078

ICU mortality (MIMIC-III CareVue subset:

:sternal validation)

Cont. 1305 (1.003,1.699) 0.047 1214 (0.964,1.529) 0.09 1,026 (0.997,1.056) 0078 1205 (1.003,1.446) 0.046
Quartile P for trend:0.063 P for trend:0.309 P for trend:0.098 P for trend:0.078

Q1 Reference Reference Reference Reference

2] 1929 (0.792:4.697) 0.148 0.998 (0.456,2.186) 0.997 1.371(0.586,3.210) 0467 1845 (0.758.4.488) 0177
Q 2,677 (1.108,6.467) 0.029 1088 (0.491,2.411) 0.836 2,700 (1.234,5.910) 0013 2244 (0.924,5.451) 0074

Qi 2278 (0.961,5.402) 0.062 1388 (0.667,2.886) 0380 1711 (0.764,3.831) 0192 2223 (0.942,5.246) 0.068





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Exploring the utility of a latent variable as comprehensive inflammatory prognostic index in critically ill patients with cerebral infarction



		Introduction



		Methods



		Data source



		Data extraction and variables selection



		Clinical outcomes



		Statistical analysis









		Results



		CIPI and baseline characteristics



		Survival curves and linearity assessment



		Univariate Cox regression analysis



		Multivariate Cox regression analysis



		Subgroup and interaction analysis



		Time-dependent survival analysis









		Discussion



		Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Conflict of interest



		Publisher’s note



		Supplementary material



		References



















OPS/images/fneur-15-1287895-g001.jpg
Screen factors by AUC at different time points |

«f

Selected 3847 patients After romoving ) Check I
diagnosed with cerebral outliers, there normality J - / : J
infarction from the remame’ 41022
MIMIC-IV database . " y, /
—_—— atients.
— Remove outliers|
fer doduptcalg Transform data to approximate
ased on hospita - 1 distrib
and ICU aissions, SULLSIRRLRL 2 BoxCon mansormation
3035 patients remained, SIIT | 1.00 | 0.98 0.91 [46.95 — -
————— SIRI[0.98 [ 1.00]0.92 [61.77] Check for suitability for factor analysis
NLR] 0.91]0.92]1.00]10.94] KMO test is 0.74, Bartlett's

Exclusion of patients Inspect inter-factor correlations and festrepultisless than 0,101
with primary variance inflation factors Perform factor analysis
hematological diseases
left 3006 patients fay| SIII | SIRINLRILMRPWR PNR|PLR 20

1]0.61]0.69]0.70[ 0.40{ 0.23| 0.21/0.51 g
o 210.67|0.74/0.74| 0.38[0.23] 0.20{0.52| £,
"After removal of ¥
patients without 40.64[0.69]0.68[0.36] 0.32]0.29]0.55]  “..
lymphome count, 8[0.63 0.64] 0.65[0.40] 0.40{ 0.360.58|
neutrophil count, or s ’
monoeyte count within | | 12] 0-61[0.61]0.63]0.42[ 0.39] 0.37]0.56] 3 s
ngh?s\:i;:fllg; 16[0.59] 0.60] 0.61{0.42{ 0.39] 0.38]0.54| .. i“dexl
patients remained 20]0.60] 0.60] 0.61] 0.40] 0.41] 0.39/0.57) CIPI = 0.896 *SIII + 0.797 *SIRI + 0.923 *NLR





OPS/images/fneur-15-1287895-g002.jpg
arand Rt for I Hospis oty Basd an ConinonsCIP
oo 1B ki S

I ———

(

e oo

‘

w0 oy —

|
|

sapsi w1022 (4.04%

Lo0s w0 oSy oars

E'
i

 Evnt: 17, Glvalpvao, 15
07 08 09 1 11 121314151617

S et i 071
c s Raios s o sl B on I Quts D
con oz e —

!
t

H

sepis [ T T e ———

I
|

13%10

 ;

) o

l
|

e1022)

0
05212

e1022)

.
%

(104%1y)

H

o0z (g%

3 Evnts: 178, Gl p-iaio (Log-Ron): 07560-14

AKC: 208123, Concordence lode: 07 07 08 09 1 14 12 13 141516

Hazard Raios for ICU Morality Based on Contingous CIPL

w0z g 0068

o,

e Pumansry  (4+1022)

Resprtory e (4-1022) o

w0z g%

om o o

|
s
]

Loos 1,

|

# Evnts: 131;Gobl p-ale (Log-ark 7.4190-09

G 145047, Cancortancs o 072 08 1 12 14 18 18 2

sz Rtis for U Moralt Based on CIP| Quaries

o) b

5%

Chvonic putmonary (e1022)

Respcatory e (1-1022) oy o134

ks o

oz o

|

awom oo o ons

|

Loos 1022 o, o5

|

Bt 131;Gobl p-ae (Logark 2 7670-08

AIC. 1457.48; Concordance ndos. 071 08 1 12 14 16 18 2





OPS/images/cover.jpg
, frontiers | Frontiers in Neurology

Exploring the utility of a latent
variable as comprehensive
inafl mmatory prognostic index in
critically ill patients with cerebral
infarction












OPS/images/crossmark.jpg
©

2

i

|






OPS/images/logo.jpg
¥ frontiers = Frontiers in Neurology






