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PREDICTIVE MODELING REPORT

Development and Validation of a Prediction 
Model for 1-Year Mortality in Patients With a 
Hematologic Malignancy Admitted to the ICU
OBJECTIVES: To develop and validate a prediction model for 1-year mortality in 
patients with a hematologic malignancy acutely admitted to the ICU.

DESIGN: A retrospective cohort study.

SETTING: Five university hospitals in the Netherlands between 2002 and 2015.

PATIENTS: A total of 1097 consecutive patients with a hematologic malignancy 
were acutely admitted to the ICU for at least 24 h.

INTERVENTIONS: None.

MEASUREMENTS AND MAIN RESULTS: We created a 13-variable model 
from 22 potential predictors. Key predictors included active disease, age, pre-
vious hematopoietic stem cell transplantation, mechanical ventilation, lowest 
platelet count, acute kidney injury, maximum heart rate, and type of malignancy. 
A bootstrap procedure reduced overfitting and improved the model’s general-
izability. This involved estimating the optimism in the initial model and shrinking 
the regression coefficients accordingly in the final model. We assessed perfor-
mance using internal–external cross-validation by center and compared it with 
the Acute Physiology and Chronic Health Evaluation II model. Additionally, we 
evaluated clinical usefulness through decision curve analysis. The overall 1-year 
mortality rate observed in the study was 62% (95% CI, 59–65). Our 13-variable 
prediction model demonstrated acceptable calibration and discrimination at in-
ternal–external validation across centers (C-statistic 0.70; 95% CI, 0.63–0.77), 
outperforming the Acute Physiology and Chronic Health Evaluation II model 
(C-statistic 0.61; 95% CI, 0.57–0.65). Decision curve analysis indicated overall 
net benefit within a clinically relevant threshold probability range of 60–100% 
predicted 1-year mortality.

CONCLUSIONS: Our newly developed 13-variable prediction model predicts 
1-year mortality in hematologic malignancy patients admitted to the ICU more ac-
curately than the Acute Physiology and Chronic Health Evaluation II model. This 
model may aid in shared decision-making regarding the continuation of ICU care 
and end-of-life considerations.

KEYWORDS: clinical decision rules; hematologic neoplasms; intensive care 
units; mortality; prognosis

In the last decades, there has been a reduction in the death rate of patients with 
a hematologic malignancy who required ICU admission (1–5). Nevertheless, 
mortality rates remain substantial in this patient category, necessitating ac-

curate risk estimates to support decision-making regarding ICU management. 
Existing prediction models for the general ICU population, such as Acute 
Physiology and Chronic Health Evaluation II (APACHE II), may inaccurately 
predict the mortality risk in patients with a hematologic malignancy because this 
specific diagnosis was not incorporated in their development (1, 6–9).
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Several factors are postulated to be associated with 
mortality in hematologic oncology patients admitted 
to the ICU. These include the need for mechanical 
ventilation, the presence of active disease, the specific 
type of hematologic malignancy, hematopoietic stem 
cell transplantation (HSCT), total bilirubin levels, 
platelet count, creatinine levels or the presence of acute 
kidney injury (AKI), use of vasopressors, and sepsis (5, 
7, 10–13). Integrating these factors into a prognostic 
model could be helpful for clinical decision-making 
regarding the continuation of ICU treatment, and op-
timal utilization of ICU facilities, and it may provide 
patients and their families with realistic information 
on the probability of survival of an ICU episode and 
thereafter (13).

As of our current understanding, there is no vali-
dated model available that incorporates all postu-
lated factors to predict the long-term survival of ICU 
patients with a hematologic malignancy. A recent study 
introduced an adjusted version of the modified early 
warning score (MEWS) pre-ICU to predict in-hospital 
mortality and identify deteriorating patients with a he-
matologic malignancy who might benefit from ICU 
admission (14). Another retrospective study compared 
prediction models for in-hospital mortality in patients 

with hematologic malignancies admitted to the ICU, 
acting as a proof-of-concept study for support vector 
machine modeling (15). This present study aimed to 
develop and validate a multifactorial model to predict 
1-year mortality in patients with a hematologic malig-
nancy after being admitted to the ICU for 24 hours.

MATERIALS AND METHODS

Study Population

This multicenter cohort study used data from the 
HEMA-ICU Study Group cohort, as described pre-
viously (3). In reporting this study, we adhered to 
the Transparent Reporting of a Multivariable Model 
for Individual Prognosis or Diagnosis guidelines for 
prognostic modeling studies (Supplement 2, http://
links.lww.com/CCX/B341) (16). The cohort con-
sisted of prospectively collected data from the Dutch 
National Intensive Care Evaluation Registry and 
the Diagnosis Treatment Combination Healthcare 
Cost and Utilization databases from five University 
Medical Centers in The Netherlands from December 
2002 to August 2015. Dutch regulations encourage 
the inclusion of all ICU admissions in this registry. 
The registration captured data of the first 24 h post-
admittance to the ICU, excluding clinical data be-
fore ICU admittance. The participating centers were 
The Amsterdam University Medical Center (location 
AMC), Erasmus Medical Center Rotterdam, Leiden 
University Medical Center, Radboud University 
Medical Center Nijmegen, and the University Medical 
Center Groningen. The study encompassed only he-
matologic malignancy patients with an acute medical 
or surgical indication who were acutely admitted to 
the ICU for the first time. We excluded patients dis-
charged alive within 24 hours following ICU admis-
sion to dismiss those admitted to the ICU solely for 
diagnostic procedures.

Ethical Considerations

The institutional review board of the University 
Medical Center Groningen granted ethical ap-
proval on August 23, 2016 (reference number 
METc 2016.396); Title: Patients with a Hematologic 
Malignancy Admitted on the Intensive Care (HEMA-
ICU). The study followed the Helsinki Declaration of 
1975.

 
KEY POINTS

Question: We aimed to develop and validate a 
prediction model for 1-year mortality in hemato-
logic malignancy patients acutely admitted to the 
ICU.

Findings: Our model included 13 predictors and 
was streamlined to 8 predictors for clinical usa-
bility. Key predictors were active disease, age, 
previous hematopoietic stem cell transplanta-
tion, mechanical ventilation, lowest platelet count, 
acute kidney injury, maximum heart rate, and 
type of malignancy. Internal–external validation by 
center demonstrated acceptable discrimination 
(C-statistic 0.70).

Meaning: This model improved prediction of 
1-year mortality in hematologic malignancy 
patients in the ICU, offering potential clinical value 
in shared decision-making regarding the continu-
ation of ICU care and end-of-life considerations.

http://links.lww.com/CCX/B341
http://links.lww.com/CCX/B341
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Outcome and Predictors

The primary outcome of our study was overall 1-year 
mortality following ICU admission, which we con-
sidered the most relevant endpoint to address the 
difficulty of early mortality after ICU discharge. The 
extensive outpatient follow-up in this cohort sup-
ported the use of manual chart review as an accurate 
method for establishing 1-year mortality.

A literature search and expert opinion guided the 
selection of 22 potential predictors of mortality in he-
matologic malignancy patients admitted to the ICU. We 
collected the following predictors 24 hours after ICU 
admittance: age, sex, emergency surgical intervention, 
sepsis, maximum heart rate, maximum respiratory rate, 
Glasgow Coma Scale, lowest WBC count, lowest platelet 
count, bilirubin plasma level, vasopressor use, mechan-
ical ventilation, highest fraction-inspired oxygen (Fio2), 
partial arterial oxygen pressure (Pao2), Pao2/Fio2 ratio, 
AKI, cerebrovascular accident (CVA), cardiopulmonary 
resuscitation. Through manual chart review, we gath-
ered data for the variables, type of hematologic malig-
nancy, active disease status, prior allogeneic HSCT, and 
presence of neutropenia. Supplement 1 (http://links.

lww.com/CCX/B341) offers a detailed description and 
definition of the potential predictors (3).

Model Development

First, we winsorized potential predictors for extreme 
values using three times the interquartile range for 
the upper and lower limits and labeled implausible 
values as missing (17). We considered several trans-
formations (polynomials, restricted cubic splines, 
logarithmic) for continuous variables and included 
a transformation when the fit improved by 50% as 
determined by the chi-square test, coupled with a p 
value of less than 0.05. We compared models with 
transformations against a baseline model without 
any and preferred the baseline model for its sim-
plicity and interpretability. We opted for transforma-
tions only when they offered clear improvements in 
performance.

We did not consider statistical interaction terms 
for the conciseness of the model. When necessary to 
ensure adequate group size, we combined categories 
within categorical variables according to their fre-
quency distributions.
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Figure 1. Calibration plot of 13-variable model to predict 1-year mortality in ICU patients diagnosed with a hematologic malignancy. 
Positioned at the bottom of the graph, small bars depict the comparative numbers of patients who either died within a year or survived. 
This plot contrasts the model’s predicted mortality probabilities against a perfectly calibrated reference line. Triangular markers on the plot 
represent distinct patient subgroups by predicted mortality risk.
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Where possible, we completed missing values by a 
search in the electronic patient record. We examined 
the data for remaining missing values and analyzed 
the different mechanisms of missingness, including 
missing completely at random (MCAR), missing at 
random (MAR), and missing not a random. Because 
a complete case analysis would lead to a loss of infor-
mation, we decided to use Multivariate Imputation by 
Chained Equations to fill in missing values when the 
supposed mechanism was MCAR or MAR. We created 
20 imputed datasets and combined model estimates 
over these datasets (17).

We specified a complete model from 22 predictors 
across the 20 imputed datasets and performed uni-
variable and multivariable logistic regression analy-
ses. We considered our sample size sufficient for this 
number of predictors; with over 400 patients surviv-
ing after 1 year and 22 variables, the event per variable 
ratio exceeded 18. For model reduction, we applied 
a stepwise backward selection method with Akaike’s 
Information Criterion. This is equivalent to selection 
with a p value of less than 0.157 for predictors with 
1 degree of freedom.

We evaluated model performance in terms of dis-
crimination and calibration. For discrimination, we 
used the C-statistic, which is equivalent to the area 
under the receiver operator characteristic curve for 
predicting binary outcomes. Calibration assessment 
involved calibration plots and quantitative measures 
such as calibration intercept, calibration slope, and 
Brier score. To improve the model’s generalizability, we 
reduced overfitting by a bootstrapping procedure. This 
involved estimating the optimism in the initial model 
via 200 bootstraps and shrinking the regression coef-
ficients in the final model accordingly.

We also performed backward selection with p values 
of 0.05, 0.01, and 0.005 to retain only the most signif-
icant predictors, aiming to develop a potentially clin-
ically more relevant model. The performance of these 
models in comparison to our original model deter-
mined the optimal balance of predictor inclusion and 
model efficacy.

We conducted an internal–external cross-validation  
procedure by the center to obtain an impression 
of external validity. In this procedure, we omitted 
each medical center from the development dataset 
once and repeated the modeling steps: transforma-
tion, imputation, backward selection, and shrinking 

by 200 bootstraps on the data of the four remaining 
centers to develop a new model in each iteration. 
Next, we validated this model on the data of the left-
out center. The final reported model used the com-
pleted dataset to maximize the use of the available 
information (17). Decision curve analysis evaluated 
clinical usefulness. Because of the high heteroge-
neity inpatient age and potential life wishes, we con-
sidered a threshold probabilities range of 60–100% 
predicted 1-year mortality as clinically relevant for a 
decision regarding discontinuation of ICU care. We 
compared these decision curves with the APACHE II 
score and a currently proposed greater than or equal 
to two organ failure decision model (9). We created 
a nomogram as the final model presentation. In a 
nomogram each predictor value corresponds to a re-
gression weight and the total sum of points equals 
the linear predictor (17, 18). Analyses were per-
formed in R statistical software (4.3.2; R Core Team 
2023) with packages: tableone, rms, mice, psfmi, and 
The Calibration Curve package.

RESULTS

Study Population

Our dataset included 1097 patients admitted to the ICU 
between 2002 and 2015. Of these, 682 (62%; 95% CI, 
59–65) died within 1 year of admission. Table 1 con-
tains a summary of patient characteristics and missing 
data. In total, there were 24,134 datapoints (1097 × 22), 
of which 2135 missing (8.8%). The highest number of 
missing values occurred in the predictors: Glasgow 
Coma Scale (437 missing—40%), bilirubin level (357 
missing—33%), and Fio2 (323 missing—29%). We 
classified the missingness of the Glasgow Coma Scale 
as not at random, noting a pattern where missing 
values presumably corresponded with the magnitude 
of the predictor. Consequently, we chose not to impute 
these missing values. The primary outcome had no 
missing values, so there was no censoring. Given this 
complete follow-up, we conducted a logistic regression 
analysis.

The mean age was 55 (sd 15) years. The mean 
APACHE II score was 22 (sd 8), indicating a critically 
ill study population. According to the APACHE II 
score, the expected postoperative in-hospital mortality 
would be 30%, and the nonoperative expected mor-
tality 40% (19).
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In our population, 30-day mortality accounted for 
480 cases (44%), and in-hospital mortality comprised 
501 cases (46%). An additional 181 deaths (27%) 

occurred between hospital discharge and 1 year. The 
discriminative ability of APACHE II for 1-year mor-
tality was modest, with a C-statistic of 0.61 (95% CI, 

TABLE 1.
Baseline Characteristics of Potential Predictors for 1-year Mortality in 1097 Patients With a 
Hematologic Malignancy Admitted to the ICU

Characteristic Level 
Missing 

Values, n (%) 
All Patients 
(n = 1097) 

Alive  
(n = 415) 

Dead  
(n = 682) 

Sex (%) Female 0 (0) 401 (37) 153 (37) 248 (36)

Age (yr) (mean [sd]) 0 (0) 55 (15) 54 (15) 56 (14)

Diagnosis (%) Acute myeloid leukemia 0 (0) 387 (35) 118 (28) 269 (39)

Non-Hodgkin lymphoma 252 (23) 87 (21) 165 (24)

Multiple Myeloma 146 (13) 74 (18) 72 (11)

Other 312 (28) 136 (33) 176 (26)

Active disease (%) Yes 4 (0) 698 (64) 233 (56) 465 (69)

Hematopoietic stem cell  
transplantation (%)

Allo-hematopoietic stem 
cell transplantation

0 (0) 226 (21) 70 (17) 156 (23)

Urgent surgery (%) Yes 0 (0) 72 (7) 38 (9) 34 (5)

Sepsis (%) Yes 0 (0) 609 (56) 217 (52) 392 (57)

Cerebrovascular accident (%) Yes 0 (0) 17 (1) 3 (1) 14 (2)

Glasgow Coma Scale (%) 13–15 437 (40) 559 (85) 206 (86) 353 (84)

9–12 25 (4) 8 (3) 17 (4)

3–8 76 (12) 25 (11) 51 (12)

Cardiopulmonary resuscitation  
count (%)

Yes 0 (0.0) 57 (5) 18 (4) 39 (6)

Maximum heart rate < 24 h (mean 
[sd])

264 (24) 126 (28) 120 (29) 130 (27)

Maximum respiratory rate < 24 h 
(mean [sd])

304 (28) 30 (9) 29(9) 31 (9)

  Maximum Fio2 < 24 h (mean [sd]) 323 (29) 55 (25) 49 (24) 58 (26)

  Lowest Pao2 < 24 h (mm Hg) 
(mean [sd])

218 (20) 77 (25) 79 (26) 77 (33)

Lowest WBC < 24 h (109/L) (median 
[IQR])

100 (9) 4 (1–10) 5 (1–10) 3 (0–10)

  Neutropenic (%) Yes 32 (3) 337 (32) 119 (29) 218 (33)

  Lowest platelets < 24 h (109/L) 
(median [IQR])

82 (8) 44 (21–122) 69 
(30–164)

35 
(18–86)

  Bilirubin (mmol/L) (median [IQR]) 357 (33) 18 (10–46) 15 (9–30) 21 
(11–52)

  Vasopressors (%) Yes 7 (1) 549 (50) 173 (42) 376 (55)

  Mechanical ventilation < 24 h (%) Yes 6 (1) 697 (64) 199 (48) 498 (73)

  Acute kidney injury (%) Yes 1 (0) 167 (15) 40 (10) 127 (19)

  Acute Physiology and Chronic 
Health Evaluation II (mean [sd])

98 (9) 22 (8) 20 (7) 24 (8)

IQR = interquartile range.
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0.57–0.65). Also, the calibration of APACHE II in 
predicting 1-year mortality was inaccurate (Fig. E1, 
http://links.lww.com/CCX/B341).

Model Development

Multiple transformations for continuous variables and 
1-year mortality indicated mainly that WBC count 
in the lower range (0–8 × 109/L) and higher range (> 
15 × 109/L) had an association with mortality. However, 
the WBC transformation did not enhance the model’s 
performance. Consequently, we opted not to include 
it in the final model, prioritizing simplicity and inter-
pretability over unnecessary complexity without evi-
dent benefits.

Transformations also indicated that platelet counts 
within the lower range (0–150 × 109/L) possibly had 
a stronger association with mortality than platelet 
counts in the higher range (> 150 × 109/L). However, 
due to the absence of a 50% improvement in the chi-
square test, we opted not to implement this transfor-
mation (Fig. E2, http://links.lww.com/CCX/B341). In 
a univariable analysis factors most strongly associated 
with 1-year mortality included mechanical ventilation, 
lowest platelet count, and maximum heart rate (Table 
E1, http://links.lww.com/CCX/B341). Mechanical 
ventilation, active disease, and age were the most im-
portant predictors in a multivariable analysis (Table 
E1, http://links.lww.com/CCX/B341). After stepwise 
backward selection, 13 predictors were associated with 
1-year mortality. The eight strongest predictors were 
mechanical ventilation (χ2 53.5), lowest platelet count 
(χ2 15.7), active disease (χ2 18.2), HSCT (χ2 11.1), AKI 
(χ2 8.6), maximum heart rate (χ2 17.2), age (χ2 16.0), 
and type of hematologic malignancy (χ2 11.0). Other 
predictors were CVA, urgent surgery, lowest WBC, bil-
irubin, and maximum Fio2 (Table E1, http://links.lww.
com/CCX/B341).

The 13-predictor model demonstrated satisfactory 
discrimination with a pooled C-statistic of 0.70 (95% 
CI, 0.63–0.77) at internal–external validation across 
centers. The 8-predictor model had the same discrim-
ination at internal–external validation across centers 
(pooled C-statistic 0.70; 95% CI, 0.63–0.77). Both 
the 13-predictor model (Fig. E3A, http://links.lww.
com/CCX/B341) and 8-predictor model (Fig. E3B, 
http://links.lww.com/CCX/B341) displayed reason-
able calibration across centers. The calibration of the 

8-predictor model (intercept −0.02 slope 0.90, Brier 
0.07) was also comparable to that of the 13-predictor 
model (intercept −0.03 slope 0.91, Brier 0.10) (Fig. 1).

The decision curve analysis (Fig. 2) demonstrated 
net benefit for the 13- and 8-predictor model for our 
clinically relevant chosen threshold probability of 
60–100% predicted mortality, offering more net ben-
efit than the APACHE II, or a greater than or equal 
to two organ failure decision model. The nomogram 
(Fig. 3) displays the relative importance of the thirteen 
predictors, an 8-predictor nomogram can be found in 
the supplements (Fig. E4, http://links.lww.com/CCX/
B341). These nomograms can be used to quickly pre-
dict the 1-year risk of death for an individual patient 
with a hematologic malignancy 24 h after admittance 
to the ICU.

For instance, for a patient on a mechanical ven-
tilator, we draw a vertical line from “yes” to the line 
marked “points,” resulting in a score of 5.8 points for 
a ventilated patient. This process is repeated for all 13 
predictors, with the total points corresponding to the 
1-year mortality probability.

Consider a 47-year-old patient (age 2.5 points) with 
an acute myeloid leukemia (4 points) in the premed-
ical history, who is mechanically ventilated (5.8 points) 
with 40% Fio2 (1 point), without active disease (0 
points), and no allogeneic HSTC (0 points), no urgent 
surgery (3 points), no CVA (0 points), a platelet count 
of 40 (109/L) (7 points), bilirubin of 70 (1.5 points) a 
maximum heart rate of 140 beats per minute (5 points), 
lowest WBC 10 (1 point), and no AKI. The total points 
amount to 30.8, corresponding to a 1-year mortality 
probability of around 65%. If this person had an active 
disease (additional 3.5 points), the total points would 
increase to 34.3, and the probability of dying within 1 
year would rise to 77%.

DISCUSSION

In this study, we propose a concise clinical prediction 
model based on 13 predictors to predict 1-year mor-
tality for patients with hematologic malignancy who 
are acutely admitted to the ICU. This model can be 
used 24 h after ICU admission and outperforms the 
APACHE II model for this population and time pe-
riod. For parsimony, clinical relevance, and usefulness, 
we streamlined the 13-predictor model via backward 
selection with a p value of 0.005 and found 8 variables 

http://links.lww.com/CCX/B341
http://links.lww.com/CCX/B341
http://links.lww.com/CCX/B341
http://links.lww.com/CCX/B341
http://links.lww.com/CCX/B341
http://links.lww.com/CCX/B341
http://links.lww.com/CCX/B341
http://links.lww.com/CCX/B341
http://links.lww.com/CCX/B341
http://links.lww.com/CCX/B341
http://links.lww.com/CCX/B341
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to be highly significant predictors of 1-year mortality. 
These were mechanical ventilation, lowest platelet 
count, active disease, previous allogeneic HSCT, AKI, 
age, type of malignancy, and maximum heart rate 
within the first 24 hours after ICU admission.

In clinical settings when a quick impression of 
prognosis is wanted, the 8-variable model might be 
preferred over the 13-variable model for simplicity. 
Although the 13-variable model provides a slightly 
higher predictive accuracy this comes at the cost of 
increased model complexity and potential overfitting. 
The 8-variable model, with its clear focus on the most 
significant predictors, may offer better generalizability 
in that way.

The 1-year mortality rate of 62% observed in this 
cohort aligns with previously reported ICU mortality 
rates of patients with a hematologic malignancy (1, 6). 

Our model demonstrated satisfactory performance, 
although it also indicates that predicting longer-term 
outcomes, such as 1-year mortality, is challenging. 
The calibration was adequate overall and superior to 
the APACHE II score. To our knowledge, this is the 
first prediction model specifically for patients with a 
hematologic malignancy admitted to the ICU. One 
recent study presented a prediction model based on 
the MEWS; however, their model only predicted in-
hospital mortality, as does APACHE II (14). Also, the 
model is based solely on single-center data, and a split 
sample analysis was used. This could have led to bias 
and overfitting. The difference with our study is that 
we developed a model to predict 1-year mortality 24 
hours after ICU admission and used multicenter data 
over a more extended period. Instead of a split sample, 
we evaluated performance through internal–external 
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validation and used all the available data for the final 
model. Although our C-statistic is marginally lower, 
it might present a more accurate reflection of reality. 
In an earlier retrospective study, we created a classifi-
cation and regression tree analysis for 1-year survival 
based on a combination of organ failure. Although 
a regression tree is a simple and intuitive prediction 
model, it requires dichotomizing continuous variables, 
which can lead to loss of information (3, 17).

Additional strengths of our model are the selec-
tion of predictors based on previous research (5, 7, 
10, 12, 13) and the use of a multicenter dataset with 
consecutive patients in different hospitals. This reflects 
a real-world population of patients with a hemato-
logic malignancy admitted to the ICU, limits the risk 
of overfitting, and increases the robustness of the 
proposed model (17, 20). Our methodology is more 
interpretable than more complex machine learning 
methods like neural networks and random forests. 
Such approaches may be promising in fields like image 
analysis but tend to have limited advantages in clas-
sical prediction problems, primarily because of their 

substantial data requirements (21). Finally, the deci-
sion curve analysis showed net benefit in our proposed 
clinically relevant threshold probability of 60–100% 
predicted 1-year mortality. This threshold probability 
aligns with a current proposed treatment decision 
model of ICU care for patients with a hematologic 
malignancy, where greater than or equal to two organ 
failures lead to a time-limited trial of critical care or 
discontinuation of critical care (9). In the future, our 
model could help identify patients with a poor prog-
nosis during a time-limited trial of critical care.

Clinical prediction models are becoming increas-
ingly important in facilitating shared clinical decision- 
making and personalized medicine in the current 
complex medical environment. Our model aims to 
help ICU clinicians optimize their daily practice re-
garding patients with hematologic malignancy in the 
ICU. However, before its implementation, external val-
idation is necessary and we should realize that perfor-
mance may depend on local practice (22).

Our cohort covers 2002 until 2015, and this era 
may not reflect the current situation where Chimere 
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Figure 3. Nomogram, based on a 13-predictor model, is designed to calculate the estimated risk of 1-year mortality for patients 
with hematologic malignancy who are acutely admitted to the ICU. Refer to the main text for a specific usage example. CVA = 
cerebrovascular accident, HSCT = hematopoietic stem cell transplantation.
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Antigen Receptor T cell treatment evolved. Otherwise, 
we note no significant changes in the treatment of 
patients with hematologic malignancies or the treat-
ment of these patients during ICU stay. Another limi-
tation is that there were missing variables in some key 
predictors, such as maximum heart rate and lowest 
platelet count. Although we used an advanced imputa-
tion method, the complete recording might have con-
tributed to a better final prediction model.

CONCLUSIONS

One-year mortality of patients with a hematologic ma-
lignancy acutely admitted to the ICU can be reason-
ably predicted using 13 predictors of which the 8 most 
important ones are: active disease, age, previous allo-
geneic HSCT, mechanical ventilation, lowest platelet 
count, AKI, type of malignancy and maximum heart 
rate within the first 24 hours after ICU admission. 
After further validation, the nomogram may support 
shared decision-making regarding the potential dis-
continuation of ICU care 24 hours after admittance.
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