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Abstract 
Background: Platelets play a critical role in hemostasis and inflammatory diseases. Low platelet 
count and activity have been reported to be associated with unfavorable prognosis. This study 
aims to explore the relationship between dynamics in platelet count and in-hospital morality among 
septic patients and to provide real-time updates on mortality risk to achieve dynamic prediction. 
Methods: We conducted a multi-cohort, retrospective, observational study that encompasses 
data on septic patients in the eICU Collaborative Research Database (eICU-CRD) and the Medical 
Information Mart for Intensive Care IV (MIMIC-IV) database. The joint latent class model (JLCM) 
was utilized to identify heterogenous platelet count trajectories over time among septic patients. 
We assessed the association between different trajectory patterns and 28-day in-hospital mortality 
using a piecewise Cox hazard model within each trajectory. We evaluated the performance of 
our dynamic prediction model through area under the receiver operating characteristic curve, 
concordance index (C-index), accuracy, sensitivity, and specificity calculated at predefined time 
points. 
Results: Four subgroups of platelet count trajectories were identified that correspond to distinct 
in-hospital mortality risk. Including platelet count did not significantly enhance prediction accuracy 
at early stages (day 1 C-indexDynamic vs C-indexWeibull: 0.713 vs 0.714). However, our model showed 
superior performance to the static survival model over time (day 14 C-indexDynamic vs C-indexWeibull: 
0.644 vs 0.617).
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Conclusions: For septic patients in an intensive care unit, the rapid decline in platelet counts is a 
critical prognostic factor, and serial platelet measures are associated with prognosis.

Key words: Sepsis, Platelet count trajectory, Joint latent class model, Dynamic prediction, Intensive care medicine 

Highlights 
• Intensive care unit septic patients exhibit significant heterogeneity in platelet count trajectories, with distinct subgroups 

showing significant stratification in mortality risk. 
• For intensive care unit patients with septic shock, rapid decline in platelet count in the early stages and persistent 

thrombocytopenia are important prognostic factors. 
• Real-time updates of risk based on repeated platelet count measurements may enhance further the predictive capability of the 

model. 

Background 
Sepsis is a life-threatening condition caused by dysregulated 
host response to infection, leading to systemic inflammation, 
tissue damage and organ failure. It is also one of the leading 
causes of intensive care unit (ICU) admission and mortality 
[1]. Platelets play a critical role in clotting, inflammation and 
immune responses, all of which are linked to the occurrence, 
development and prognosis of sepsis [2–4]. 

Previous studies showed that decreasing platelet count 
during ICU stay was related to higher risk of mortality in 
septic patients [5–7],and the association between dynamic 
trajectory patterns of platelet count after ICU admission and 
mortality has been studied extensively [8–11]. Septic patients 
often exhibit abnormal activation and over-consumption 
of platelets, which subsequently lead to thrombocytopenia, 
thereby increasing bleeding risk [12]. Results from multiple 
studies have described the prognostic value of early changes 
in platelet count in septic patients [11, 13]. However, the 
relationship between trajectories of repeated measures of 
platelet count collected from daily clinical practice and the 
prognosis of septic patients is not yet clear. 

The aim of this study is to identify heterogenous platelet 
count trajectories by leveraging the public electronic health 
record using the joint latent class model (JLCM), which 
integrates a latent class mixed model with a survival model, 
and to explore the relationship between platelet dynamics and 
an unfavorable prognosis. 

Methods 
Study design and populations 
This study is a multi-cohort, retrospective, observational 
study based on data from the eICU Collaborative Research 
Database (eICU-CRD) v2.0 and the Medical Information 
Mart for Intensive Care IV (MIMIC-IV) v2.0 database 
available at PhysioNet (certification number: 49953233). We 
extracted patients diagnosed with sepsis 24 hours prior to 
or 48 hours after ICU admission, consistent with a previous 
study [11], patients were excluded if they met any of the 
following criteria: (1) repeated ICU admissions; (2) age 
<18 years; (3) length of ICU stay <24 h; (4) missing baseline 

platelet count; and (5) platelet count measurements <2 times  
within 28 days of ICU admission. Ultimately, a total of 11,016 
ICU septic patients from eICU-CRD and 7,796 from MIMIC-
IV were included in our analysis. Patients from eICU-CRD 
were included as the discovery set while septic patients from 
MIMIC-IV were included in the validation set. 

Laboratory measurements and clinical characteristics 
Longitudinal platelet counts measured continuously over a 
28 day period after ICU admission were collected from both 
databases. We extracted variables including demographic 
information, laboratory tests, vital signs, comorbidities and 
interventions during ICU stay. 

Outcomes 
The outcome is survival status and corresponding survival 
time within 28days of hospital stay. Survival time was defined 
as the time from ICU admission to either death or loss 
to follow-up at the end of the study, whichever occurred 
first. Patients who were discharged from the hospital within 
28 days or who remained alive after 28 days were considered 
censored. 

Statistical analysis 
Step 1: identification of subpopulations JLCM was used for 
identifying subpopulations with heterogenous platelet tra-
jectories in eICU-CRD. For the longitudinal model, a latent 
class mixed model was fitted. We used a parametric sur-
vival model with the baseline hazard function following a 
class-specific Weibull distribution. Baseline platelets, acute 
physiology score III (APS III) and the Charlson comorbidity 
index (CCI) were included as covariates. The optimal number 
of classes was determined by Akaike information criterion 
(AIC), Bayesian information criteria (BIC), sample-adjusted 
BIC (SABIC) and entropy [14]. The R package lcmm (version 
2.0.2) was used for modeling. 

Step 2: trajectories visualization We compared the labora-
tory measurements and clinical characteristics in four classes. 
Corresponding trajectory patterns along with Kaplan-Meier
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(KM) curves were given. Furthermore, we estimated the time-
dependent hazard ratio (HR) using a piecewise Cox regres-
sion model; the cut point for generating time interval was 
determined by searching for the highest log-likelihood value 
[15, 16]. 

Step 3: model evaluation and comparison JLCM can estimate 
survival probability dynamically at given days of follow-up 
(landmark time) till any time point after that, so the model 
could be used for dynamic prediction. We compared our 
model developed from step 1 with a Weibull survival model 
using the same set of covariates, including APS III, CCI and 
baseline platelet count. Each day between the first day of ICU 
admission till day 14 was defined as a landmark time point. 
Predicted probability from landmark time till day 28 among 
patients still alive at the landmark time were derived from 
both models. Patients who experienced the outcome before 
the landmark time were excluded from the analysis of that 
particular landmark time [17]. 

We used time-dependent area under receiver operating 
characteristic curve (AUC), concordance index (C-index), 
accuracy, sensitivity and specificity at different landmark 
times to evaluate the performance of the dynamic prediction 
model. The 95% confidence intervals (CI) for AUCs and 
C-indices were obtained using 2000 times bootstrap, and 
the comparison was performed using permutation tests by 
shuffling 2000 times at each landmark time. 

Step 4: individual prediction For individual dynamic predic-
tion, the model was applied in two patients. Also, we com-
pared the Weibull survival model with our model under the 
setting of individual prediction. For continuous variables, the 
Kolmogorov-Smirnov test was used to test normality. Nor-
mally distributed continuous variables were represented with 
mean and standard deviation (SD). Group comparisons were 
conducted using t-test or analysis of variance. For data that 
followed a non-normal distribution, median and interquar-
tile range were used; Mann-Whitney test and the Kruskal-
Wallis test were applied for group comparisons according 
to the number of groups. A two-tailed P value < 0.05 was 
considered statistically significant. Data was extracted using 
PostgreSQL 14 and all statistical analyses were performed 
using R (version 4.1.2). Detailed descriptions of statistical 
methods are provided in the supplementary methods file (see 
online supplementary material). 

Results 
Baseline characteristics of study populations 
We analyzed a total of 11,016 septic patients from the eICU-
CRD, 19.4% (2,138 patients) of the patients died before 
hospital discharge. For MIMIC-IV, 7796 patients passed the 
exclusion criteria and 19.3% (1,507 patients) died during 
hospital stay. Figure 1 illustrates the patient exclusion pro-
cess, while Table 1 summarizes the baseline characteristics 

Figure 1. Flowchart illustrating the process of patient selection. eICU-CRD eICU Collaborative Research Database, MIMIC-IV Medical Information Mart for Intensive 
Care IV 
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Table 1. Clinical baseline characteristics of patients in eICU-CRD and MIMIC-IV database 

eICU-CRD v2.0 
(N = 11 016) 

MIMIC-IV v2.0 
(N = 7796) 

Basic characteristics 
Age (years), median [IQR] 68.00 [57.00, 79.00] 68.24 [56.55, 79.56] 
Gender, n (%) 

Female 5271 (47.9) 3419 (43.9) 
Male 5744 (52.1) 4377 (56.1) 
Missing value 1 0 

Ethnicity, n (%) 
Asian 177 (1.6) 260 (3.3) 
Black/African American 1094 (10.0) 794 (10.2) 
Caucasian 8660 (79.0) 5199 (66.7) 
Hispanic/Latino 454 (4.1) 290 (3.7) 
Native American 86 (0.8) 31 (0.4) 
Other/Unknown 485 (4.4) 1222 (15.7) 
Missing value 60 0 

Admission unit type, n (%) 
Medical intensive care unit (MICU) 1377 (12.5) 2373 (30.4) 
Surgical intensive care unit (SICU) 7706 (70.0) 4118 (52.8) 
Cardiac related Intensive Care Unit 1682 (15.3) 1164 (14.9) 
Neuro-related intensive care unit 251 (2.3) 141 (1.8) 

BMI (kg/m2), median [IQR] 27.26 [22.96, 33.32] 28.06 [24.07, 33.35] 
Illness severity 

APS-III, median [IQR] 58.00 [44.00, 76.00] 58.00 [44.00, 79.00] 
SOFA, median [IQR] 6.00 [4.00, 8.00] 7.00 [4.00, 10.00] 

Laboratory 
Platelet count(×109/L), median [IQR] 167.00 [111.00, 234.25] 162.00 [103.00, 235.00] 
INR, median [IQR] 1.30 [1.12, 1.70] 1.30 [1.10, 1.60] 
Calcium (mg/dL), median [IQR] 7.70 [7.20, 8.30] 7.70 [7.20, 8.30] 
BUN (mg/dL), median [IQR] 27.00 [17.00, 44.00] 23.00 [14.00, 39.00] 

Blood gas 
PaO2 (mmHg), median [IQR] 80.00 [64.57, 106.00] 57.00 [39.00, 86.00] 
PaCO2 (mmHg), median [IQR] 35.00 [29.00, 41.40] 35.00 [30.00, 41.00] 
pH, median [IQR] 7.32 [7.23, 7.39] 7.31 [7.23, 7.38] 
Base excess (mEq/L), median [IQR] −4.10 [−9.10, 0.90] −4.00 [−8.00, 0.00] 

Vital signs 
Heart rate (/min), median [IQR] 77.00 [66.00, 89.00] 75.00 [64.00, 86.00] 
Respiratory rate (/min), median [IQR] 14.00 [11.00, 17.00] 13.00 [11.00, 16.00] 
Temperature (◦C), median [IQR] 36.40 [36.00, 36.70] 36.44 [36.06, 36.69] 
SBP (mmHg), median [IQR] 83.00 [74.00, 95.00] 85.00 [77.00, 94.00] 
DBP (mmHg), median [IQR] 44.00 [36.00, 51.00] 43.00 [37.00, 50.00] 

Chronic conditions 
Charlson comorbidity score, median [IQR] 5.00 [3.00, 7.00] 6.00 [4.00, 8.00] 
Chronic pulmonary disease, n (%) 

No 8727 (79.2) 5689 (73.0) 
Yes 2289 (20.8) 2107 (27.0) 

Diabetes, n (%) 
No 7297 (66.2) 6969 (89.4) 
Yes 3719 (33.8) 827 (10.6) 

Chronic renal disease, n (%) 
No 8519 (77.3) 5833 (74.8) 
Yes 2497 (22.7) 1963 (25.2) 

Malignant cancer, n (%) 
No 8992 (81.6) 6392 (82.0) 
Yes 2024 (18.4) 1404 (18.0) 

Intervention during ICU 
Dialysis, n (%) 

No 10 509 (95.4) 7184 (92.1) 
Yes 507 (4.6) 612 (7.9) 

(Continued) 
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Table 1. Continued 

eICU-CRD v2.0 
(N = 11 016) 

MIMIC-IV v2.0 
(N = 7796) 

Invasive mechanical ventilation, n (%) 
No 6928 (62.9) 4067 (52.2) 
Yes 4088 (37.1) 3729 (47.8) 

Vasopressors, n (%) 
No 6581 (59.7) 6299 (80.8) 
Yes 4435 (40.3) 1497 (19.2) 

Antiplatelet drugs, n (%) 
No 9112 (82.7) 6754 (86.6) 
Yes 1904 (17.3) 1042 (13.4) 

Clinical outcomes 
ICU length of stay (days), median [IQR] 3.34 [2.10, 5.95] 3.59 [2.04, 7.51] 
Hospital length of stay (days), median [IQR] 8.24 [5.12, 13.92] 11.17 [6.37, 20.28] 
Clinical outcome, n (%) 

Discharged alive or censored at 28-day 8878 (80.6) 6289 (80.7) 
Non-survivors 2138 (19.4) 1507 (19.3) 

BMI Body Mass Index, INR International Normalized Ratio, BUN Blood Urea Nitrogen, SBP Systolic Blood Pressure, DBP Diastolic Blood Pressure, eICU-CRD 
eICU Collaborative Research Database 

Table 2. Metrics for determining the optimal number of classes 

No. of 
classes 

Log 
likelihood 

AIC BIC SABIC Entropy Proportion of people (%) 

Class 1 Class 2 Class 3 Class 4 Class 5 Class 6 

1 −368180.9 736387.7 736482.7 736441.4 1.000000 100.00 
2 −361110.7 722261.5 722407.6 722344.0 0.288320 41.30 58.70 
3 −357940.8 715935.5 716132.8 716047.0 0.419255 9.69 81.27 9.03 
4 −356005.9 712079.8 712328.3 712220.2 0.500194 6.83 79.44 4.52 9.21 
5 −354668.9 709419.7 709719.3 709589.0 0.477130 4.08 4.31 21.97 4.12 65.51 
6 −353406.6 706909.2 707259.9 707107.4 0.406051 4.14 19.25 42.12 4.31 26.19 3.99 

AIC akaike information criterion, BIC bayesian information criteria, SABIC sample-adjusted information criteria 

of patients in two datasets; additional clinical character-
istics are provided in Table S1 (see online supplementary 
material). 

Identification of subpopulations using the JLCM 
The metrics of the goodness-of-fit model is shown in Table 2 
and includes the maximum log-likelihood, AIC, SABIC and 
entropy for JLCMs, while the optimal number of classes were 
prespecified from 1 to 6. We observed a consistent decrease 
in maximum log-likelihood, AIC and SABIC as the number of 
classes increased. A class of four exhibited the highest entropy, 
so was considered the best-fitted model, which has maximum 
log-likelihood of −356,005.9, AIC of 712,079.8 and SABIC 
of 712,220.2. The average posterior probability of each class 
is presented in Table S2 (see online supplementary material) 
and the posterior probabilities above a threshold (%) of each 
class are presented in Table S3 (see online supplementary 
material). 

The trajectories are presented in Figure 2a, c. Class 1 is 
an inverted U shape, while class 2 shows a slight increase. 
Class 3 exhibited an initial decrease followed by an increase, 

eventually leveling off. Class 4 showed a rapid decline from a 
high baseline level and then stabilized at a relatively low level. 
We labeled the trajectories as follows: class 1 (inverted-U; 
n = 752; 6.83%), class 2 (slight-increase; n = 8,751; 79.44%), 
class 3 (decrease-increase-intermediate; n = 498; 4.52%) and 
class 4 (decrease-low; n = 1015; 9.21%). The average poste-
rior probabilities for the four trajectory groups in eICU-CRD 
were 0.807 for class 1, 0.689 for class 2, 0.825 for class 3 and 
0.797 for class 4 (Table S2, see online supplementary mate-
rial). Similarly, Tables S4 and S5 (see online supplementary 
material) provide information on the average posterior prob-
abilities and posterior probabilities above a threshold in the 
MIMIC-IV. 

We also present the changes in platelet measurements 
across four classes over different time periods, as well as 
predicted survival probabilities based on these measurements. 
We adjusted baseline APS III and CCI for the four groups to 
ensure consistency. We found that as more platelet measure-
ments were included in the model, the predicted probabilities 
for the four classes began to diverge. After ∼1 week of platelet 
measurements, the predicted survival probability curves for
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Figure 2. Trajectory plots and Kaplan–Meier survival curves of patients with four dynamic platelet count trajectory patterns. (a, b) Trajectory plots of platelet 
count changes within the first 28 days after ICU admission in the eICU-CRD database, along with their corresponding survival curves. (c, d) Trajectory plots of 
platelet count changes within the first 28 days after ICU admission in the MIMIC-IV database, along with their corresponding survival curves. eICU-CRD eICU 
Collaborative Research Database 

the four classes were consistent with the actual survival curves 
( Figure 3). 

Time-dependent HR from piecewise Cox model 
The KM curve shows different mortality risk among the four 
classes in both the eICU-CRD and MIMIC-IV (Figure S1a, 
b, see online supplementary material). Crossing survival 
curves indicate potential violation of the proportional 

hazards (P < 0.001). We utilized a piecewise Cox regression 
to account for time-varying coefficients. We compared the 
models with different cut points for time splitting, then 
we selected the model with the highest log-likelihood and 
determined the optimal cut point of day 3 (Figure S2, see  
online supplementary material). 

The results from the piecewise Cox model showed that 
class 3 had the highest HR of 13.86 (95% CI: 7.42–25.92) for
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Figure 3. Mean platelet count and predicted survival probability over time for four classes in eICU-CRD. (a) Platelet measurements in the first 1 day and 
predicted survival probability in the next 27 days; (b) platelet measurements in the first 2 days and predicted survival probability in the next 26 days; (c) platelet 
measurements in the first 3 days and predicted survival probability in the next 25 days; (d) platelet measurements in the first 4 days and predicted survival 
probability in the next 24 days; (e) platelet measurements in the first 7 days and predicted survival probability in the next 21 days; and (f) platelet measurements 
in the first 10 days and predicted survival probability in the next 18 days 

Table 3. Time-dependent HR for four classes in the eICU-CRD and MIMIC-IV databases 

HR (95% CI) 

Time points (day) (0, 3] (3, 28] 

eICU-CRD Class 2 (slight-increase) 3.90 (2.14, 7.09) 2.32 (1.80, 2.99) 
Class 3 (decrease-increase-intermediate) 13.86 (7.42, 25.92) 2.95 (2.16, 4.03) 
Class 4 (decrease-low) 2.84 (1.46, 5.51) 6.09 (4.68, 7.92) 

MIMIC-IV Class 2 (slight-increase) 4.43 (2.36, 8.32) 3.10 (2.39, 4.03) 
Class 3 (decrease-increase-intermediate) 12.25 (6.17, 24.34) 4.01 (2.87, 5.60) 
Class 4 (decrease-low) 2.83 (1.29, 6.17) 7.84 (5.91, 10.40) 

HR Hazard ratio, CI confidence interval, eICU-CRD eICU Collaborative Research Database, MIMIC-IV Medical Information Mart for Intensive Care IV 

the first 3 days. From day 3 to day 28, class 4 had the highest 
risk (HR: 6.09, 95% CI: 4.68–7.92) compared to the other 
three classes ( Table 3). This result was consistent with that 

from the landmark KM curves (Figure 2a). Patients from class 
3 experienced a sharp decline in platelet count in the first 3 
days of ICU admission. Patients with a lower baseline platelet
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Figure 4. Individual prediction of two selected patients from the MIMIC-IV dataset. On the left is case 1, who stayed alive within 28 days after ICU admission, 
while on the right is case 2, who experienced death on day 18 of ICU stay. Individual predictions were updated every 3 days from 48 h after ICU admission to 
day 11. The x-axis represents the time since ICU admission, with platelet measurements on the left and model-predicted survival probabilities on the right. The 
vertical black dashed line indicates the prediction time, and the vertical black solid line represents the time of death 
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count from this class quickly fell below the normal range. 
From day 3 onwards, the platelet count in class 3 patients 
started to rise and remained stable above 150 × 109 /l, whereas 
the platelet count in class 4 remained stable at a lower level, 
slightly below 150 × 109 /l. Similar results were observed in 
the validation set (Figure 2c). 

Clinical characteristics of the four classes 
A comparison of baseline characteristics among the four 
latent classes in two datasets is presented in Tables S6 and 
S7 (see online supplementary material). In the piecewise Cox 
model, we found that class 3 and class 4 had the highest risks 
in both early and later stages. It is noteworthy that although 
both groups of patients showed a decreasing trend in platelet 
count after ICU admission, the magnitude of decline dif-
fered. We compared the time of onset of thrombocytopenia 
and severe thrombocytopenia between two groups after ICU 
admission and found that class 4 patients experienced the 
aforementioned conditions later than patients from class 3, 
along with a higher risk of mortality after day 3. 

Subgroup analysis 
We conducted a series of analyses stratified by demographics, 
life support and comorbidities. In both databases, association 
between trajectory classes and 28-day mortality in septic 
patients were validated across various strata Figures S3 and 
S4, see online supplementary material). In the discovery set, 
we observed a significant interaction between classes and 
platelet transfusion, with PInteraction = 0.035 for class 3 and 
PInteraction = 0.001 for class 4. In the validation set, this inter-
action was observed only in class 2, with PInteraction = 0.013. 

Model evaluation and comparison 
In the training set, the dynamic prediction model achieved 
a C-index of 0.713 (95% CI: 0.702–0.725) at the landmark 
time of day 1, while the Weibull model yielded a C-index of 
0.714 (95% CI: 0.702–0.726). External validation of both 
models showed similar results, the dynamic prediction model 
achieved a C-index of 0.739 (95% CI: 0.726–0.751) at day 1 
with the Weibull model having a C-index of 0.741 (95% CI: 
0.727–0.754). 

Both models had C-index values around 0.70 and time-
dependent AUC values around 0.60 across the 14 landmark 
time points. However, as the landmark time increased, there 
was a gradual decline in these values. Notably, the dynamic 
prediction model showed a slower decline in AUC values and 
C-index values over time compared to the Weibull model. 
This result suggests that when there is a time lag between 
the start of prediction and the time of variable measurement 
(e.g. baseline), the dynamic prediction model outperformed 
the Weibull model in terms of discrimination (Figures S5 and 
S6, see online supplementary material). 

We calculated other model performance metrics, including 
accuracy, sensitivity and specificity for both models at the 14 
landmark time points. The results showed that the dynamic 

prediction model has better accuracy and specificity (Figure 
S7–S9, see online supplementary material). 

Individual dynamic prediction 
We extracted two patients selected from MIMIC-IV and 
assessed the performance of individual survival probability 
predictions of both the dynamic prediction model and the 
Weibull survival model. The probability of survival was com-
puted every 3 days from 48 h to 14 days after ICU admission 
(Figure 4). Case 1 is a 55-year-old male who spent 28 days in 
the ICU without experiencing death. He had an APS III of 160 
and a CCI of 3 upon admission, with a baseline platelet count 
of 136 × 109 /l. His platelet count was relatively stable in the 
first 48 h and started to rise sharply afterwards. Both models 
returned low 28-day survival probabilities for this patient at 
48 h due to his high baseline APS III. However, after including 
more measures of platelets, the dynamic prediction model was 
able to increase the survival probability. 

Case 2 is a 66-year-old female who died 18 days after ICU 
admission. She had an APS III score of 86, a CCI of 13 and 
a baseline platelet count of 132 × 109 /l. Her platelet trajec-
tory fluctuated within the first 48 h and steadily declined 
afterwards, stabilizing at a low level around day 8. Both 
models returned a low probability of 28-day survival at 
the 48 h landmark time because of high baseline CCI. The 
dynamic prediction model takes longitudinal platelet counts 
into account, therefore providing a more accurate prediction 
than the Weibull model. 

Sensitivity analysis 
Due to limited data on blood culture in the eICU-CRD, we are 
not able to extract patients strictly following Sepsis-3 [18]. 
To ensure consistency in patient selection criteria between 
the two databases, we used the same International Classifi-
cation of Diseases (ICD) codes for data extraction from both 
datasets. We also extracted a population from the MIMIC-IV 
database that adhered to Sepsis-3 for sensitivity analysis and 
results remained similar (Tables S8 and S9, Figure S10–S12, 
see online supplementary material). 

Discussion 
According to our knowledge, this study is the first to identify 
heterogenous platelet count trajectories in septic patients and 
explore the relationship between dynamics in platelet count 
and in-hospital mortality risk. Additionally, we developed a 
dynamic prediction model that updates individual survival 
probability in a real-time manner based on repeated platelet 
count. Our findings suggest that the dynamic prediction 
model could capture changes in biomarkers and provide 
a more accurate prognostic prediction compared to solely 
considering platelet count at a specific time point. 

In this study, we confirmed that the rapid decline of 
platelet count in the early stage and persistent thrombo-
cytopenia of ICU septic patients are significant prognostic 
factors [6, 9, 10, 19–23], while septic patients in ICU with
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increasing platelet count experience more favorable outcomes 
[11, 24, 25]. 

Our results are consistent with previous studies that indi-
cate that platelet count reaches a nadir between day 3 and day 
4 [9–11, 21, 26] and longer duration of thrombocytopenia 
is related to a higher mortality rate [9]. In a multi-cohort 
study involving a mixed ICU population, Chen et al. found 
that the platelet changes in the first 4 days of ICU stay 
could be classified into three patterns [11]. Among the three 
trajectory patterns, a decreasing pattern was associated with 
a higher risk of mortality, while ICU patients with an increase 
in platelet count had better clinical outcomes. Causes of 
thrombocytopenia in septic patients vary from decreased pro-
duction to drug-induced deficiencies [27]. We observed sim-
ilar characteristics of different classes across two databases. 
Patients from class 3 had the highest APS III score at baseline, 
and more patients received invasive mechanical ventilation, 
vasoactive drugs and blood cells transfusion compared to 
patients from class 4; however, mortality risk leveled off at 
a moderate level due to a fast recovery of platelet count. 
Use of vasopressors and invasive mechanical ventilation have 
been reported to be associated with higher ICU mortality 
[28, 29]. However, patients from class 3 responded better 
to life support than patients from class 4 and experienced 
fewer days with thrombocytopenia. After 4 days in the ICU, 
platelet count started to increase in patients in class 3, while 
most patients in class 4 maintained low platelet count and 
showed a slow increase thereafter. Notably, the proportion of 
patients with malignant cancer is the highest in class 4, which 
encompasses 19.8% of patients in eICU-CRD and 20.8% 
in MIMIC-IV. Therefore, we speculated on the possibility of 
drug-induced thrombocytopenia. Chemotherapy with bone 
marrow inhibition is the most common reason for developing 
thrombocytopenia in cancer patients [30]. The identification 
of this subgroup holds significant implications for physicians, 
offering valuable insights into the underlying causes of throm-
bocytopenia. 

We also observed that class 4 has more patients treated 
with glucocorticoids. This may because of the multiple puta-
tive benefits of glucocorticoids, e.g. there may be modulation 
of an excess inflammatory response and regulation of adap-
tive immunity [31]. However, a recent meta-analysis showed 
that administration of glucocorticoids did not affect mortality 
in septic patients. Hence, the question of using glucocorti-
coids in a specific subgroup of patients with sepsis remains 
open [32]. 

In summary, multiple studies have reported the prognostic 
value of platelet count [11, 21]. Our proposed JLCM inte-
grates longitudinal data and survival data by shared latent 
class, and has the advantage of providing more accurate 
prediction, especially when the density of the biomarkers is 
relatively high. Additionally, the JLCM may provide real-
time updates of risk probability and thus facilitate preci-
sion medicine. Our study provides more evidence of how 
platelet-count trajectories affect mortality risk, wherein joint 
modeling is a promising strategy to reveal the potential het-
erogeneity of septic patients. 

We recognize certain limitations in our study. Firstly, this 
approach often excludes patients who die early after ICU 
admission and requires a large number of repeated mea-
surements. The characteristics of septic patients differ signif-
icantly between the two databases. However, the relatively 
consistent results from our study further indicate the robust-
ness and the generalizability of the findings. 

Secondly, the potential etiology of the platelet count in 
septic patients was not examined by considering all clinical 
practices during hospital stay, as it involves multiple complex 
factors [10, 26, 33]. Therefore, we cannot infer the underlying 
pathological mechanisms that contribute to the increased 
mortality rate in patients with a significant decrease in platelet 
count. Furthermore, our model exhibited a minor dispar-
ity in the early predicted survival decline trend within the 
four potential classes of septic patients, since in cases where 
there are fewer early platelet measurements or less obvious 
trends, JLCM may fail to accurately classify these patients 
and obtain the correct risk function. As an observational 
study, whether the decrease in platelet count is a cause or 
a result of the severity of sepsis is unknown. We observed 
that in certain classes, the subgroup of patients receiving 
platelet transfusion had a lower risk. However, this result 
is not entirely consistent across both databases. Improving 
platelet monitoring and implementing targeted interventions 
for ICU patients based on current research results require 
well-designed real-world studies or randomized controlled 
trials. In addition, when describing the classes identified by 
JLCM, one should acknowledge that they are derived as 
non-parametric representations of variation in individual tra-
jectories, rather than just potentially substantive underlying 
typologies [34]. 

Conclusions 
In summary, our study highlights the clinical significance of 
platelet count changes in septic patients after ICU admission. 
Different platelet count trajectories are associated with 
mortality risks, with late-stage platelet decrease being a 
stronger predictor of mortality. Our dynamic prediction 
model provides real-time updates on risk for septic patients in 
the ICU, offering valuable practical information for clinical 
decision-making. These findings have important implications 
for enhancing clinical management and prognosis prediction 
in septic patients. 
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