Am J Transl Res 2023;15(6):4172-4178
www.ajtr.org /ISSN:1943-8141/AJTR0146462

Original Article
A new nomogram for the individualized prediction of
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Abstract: Objective: We developed a new nomogram for the prediction of mortality risk in children in pediatric inten-
sive care units (PICU). Methods: We conducted a retrospective analysis using the PICU Public Database, a study that
included a total of 10,538 children, to develop a new risk model for mortality in children in the intensive care units
(ICU). The prediction model was analyzed using multivariate logistic regression with predictors including age and
physiological indicators, and the prediction model was presented as a nomogram. The performance of the nomo-
gram was evaluated based on its discriminative power and was internally validated. Results: Predictors contained
in the individualized prediction nomogram included the neutrophils, platelets, albumin, lactate, oxygen saturation
(P<0.1). The area under the receiver operating characteristic (ROC) curve for this prediction model is 0.7638 (95%
Cl: 0.7415-0.7861), which has effective discriminatory power. The area under the ROC curve of the prediction model
in the validation dataset is 0.7404 (95% Cl: 0.7016-0.7793), which is still effectively discriminative. Conclusion: The
mortality risk prediction model constructed in this study can be easily used for individualized prediction of mortality
risk in children in pediatric intensive care units.
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Introduction mula is commercially patented. PIM3 was

Risk stratification is essential for the timely
medical intervention of critically ill children.
Predictive models that can be used to dynami-
cally assess the risk of death in ICU children
are important to accurately identify the risk of
death in critically ill children. The probability
value of the predictive model identifies poten-
tial risks in a timely manner and helps guide
treatment decisions and resource allocation to
provide optimal management of PICU patients
with available resources. Assessment of dis-
ease status and prediction of mortality risk is a
complex project due to the complexity of the
disease. Therefore, there is no consensus on
the criteria for this risk of childhood death
assessment, and there are currently 3 widely
used scoring criteria. Such as pediatric risk of
mortality (PRISM) [1], pediatric index of mortal-
ity (PIM) [2], and pediatric critical illness score
(PCIS) [3]. PRISM IIl takes 24 h to complete and
cannot be used to guide admission to the ICU
[4], and the PRISM3 mortality prediction for-

developed in 2013 with data from children in
Australia, the United Kingdom, Ireland and New
Zealand. The formula and coefficients for PIM3
predicted mortality are specified in the article
and are freely available. PCIS was developed in
1995 by the Chinese Medical Association and
is currently the most widely used method in
China to assess the severity of the disease
course of children in the ICU, but the score is
not suitable for neonates and critically ill states
with chronic disease [3].

We hope to create a simple, economical, and
objective death risk prediction model to detect
high-risk patients in time after admission. We
developed a multifactorial prediction model to
predict the risk of death in ICU children based
on physiological characteristics. This nomo-
gram was more convenient in clinic in China
because the predictors were easy to obtain and
the prediction steps were simple to operate. In
this research, we used multivariable logistic
regression analysis to screen 5 predictors for
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Figure 1. Flowchart of participants.

nomogram. Our study presented a new simpli-
fied nomogram of pediatric mortality risk (neu-
trophils, platelets, albumin, lactate and oxygen
saturation) that can be easily used for individu-
alized prediction of critically ill children at the
time of admission.

Methods
Subjects

Our study was based on a pediatric intensive
care (PIC) public database. 10,538 ICU children
were included in this retrospective analysis. By
random grouping, the training set contained
7870 children and the validation set contained
2668 children. PIC is a single-center pediatric
public database containing vital sign measure-
ments, medications, laboratory measure-
ments, fluid balance, diagnosis codes, length
of stay, and survival data for children in the
intensive care units of the Children’s Hospital
of Zhejiang University School of Medicine,
China, from 2010 to 2018 [5]. The laboratory
test results we analyzed were the first results
within 24 hours of admission. The median of
the first examination of admission was 2.30
hours (Q1-Q3: 1.50-4.20).

The PIC database is a public database, the pro-
gram does not affect clinical care, and all pro-
tected health information has been deidenti-
fied, so the requirement for individual patient
consent was waived [5]. We requested access
through the PIC website and the program docu-
mented on PhysioNet, and signed a data use
agreement.
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in nomograms. The Akaike
information criterion was used
as a stopping rule and for-
ward-backward stepwise se-
lection was used for feature
selection [6]. The area under
the ROC curve was used to
quantify the discriminative
power of the prediction model.
The “rms” package was used for the nomo-
gram. Statistical analysis was performed using
R version 3.5.1. All statistical tests were two-
sided, and p-values <0.05 were considered
significant.

Results
Clinical characteristics

The mean age at ICU admission for 10538 chil-
dren was 8.35 months (Q1-Q3: 1.12-40.06),
6318 were boys and 4713 were girls, and 5.7%
(601 patients) died. The participant flow chart
is shown in Figure 1, and the baseline charac-
teristics of the training and validation sets are
shown in Table 1.

Feature selection

Factors that differed in univariate analysis
(P<0.1) were included in a multifactorial logistic
regression analysis. Based on data from the
training set of 7870 children, texture character-
istics were reduced to five potential predictors
of mortality, including neutrophils, platelets,
albumin, lactate, and oxygen saturation (Table
2).

Development of an individualized prediction
model

A total of 5 predictors were included in the pre-
diction model. Platelets, albumin and oxygen
saturation are protective factors for mortality,
while neutrophils and lactate are risk factors
for mortality (Table 2). The mortality risk predic-
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Table 1. Characteristics of participant in the development and validation set

Development dataset (n=7870)

Validation dataset (n=2668)

P Survivors Deaths p
(n=2501) (n=167)

Characteristic Survivors Deaths
(n=7436) (n=434)
Age (months) 30.25 +43.28 25.13 +£41.92
Neutrophils (x1079/L) 5.87 +£5.39 7.78 £ 6.45
Platelet (x1079/L) 306.38 £ 131.27 239.31 + 143.31
Albumin (g/L) 39.27 £ 6.93 33.76 + 8.14
Lactate (mmol/L) 245+ 214 4.86 + 4.89

Oxygen Saturation (SO,) (%) 92.87 +12.57 85.69 + 19.59

<0.001  27.65 +41.87 20.90 + 38.66 0.005
<0.001 5.85 + 5.47 7.60 + 6.39 <0.001
<0.001 304.93 +£127.63 249.26 + 147.29 <0.001
<0.001  39.07 +6.91 33.86+8.01 <0.001
<0.001 2.49+221 4.68 +4.48 <0.001
<0.001 93.02+12.31 86.83 + 18.72 <0.001

Note: P value is derived from the univariable association analyses between each of the variables and mortality.

Table 2. Risk factors of mortality

Pollack et al. re-evaluated the

physiological parameters and

Intercept and variable B ?:t(ijj 95% Cl of OR p their ranges and diagnostic
Intercept 1.0941 ijndlclatorz ag::ghlﬂn I::-I99P6R|asnl\i
Neutrophils (x1079/L) 0.0145 1.0146 0.9999-1.0296 0.0517 evelope -

IIl includes 17 physiological
Platelet (x1079/L) -0.0022 0.9978 0.997-0.9986 <0.001 parameters, and 26 physio-
Albumin (g/L) -0.0596 0.9421 0.9291-0.9554 <0.001 logical para7meter ranges: 5
Lactate (mmoI/L) 0.1305 1.1394 1.1097-1.1699 <0.001 for cardiovascular and neuro-

Oxygen Saturation (SO,) (%) -0.0187 0.9815 0.9758-0.9872 <0.001

Area under ROC curve
Development dataset
Validation dataset

0.7638 (0.7415-0.7861)
0.7404 (0.7016-0.7793)

logical symptoms (heart rate,
body temperature, systolic
blood pressure, state of
consciousness and pupillary

tion model was constructed based on multi-
factor logistic regression and finally presented
as a Nomogram (Figure 2).

Predictive performance of nomogram in the
development dataset and independent valida-
tion in the validation set

The area under the ROC curve for the prediction
model was 0.7638 (95% confidence interval:
0.7415-0.7861) in the development dataset
(Figure 3). In the validation dataset, the area
under the ROC curve for the prediction model
was 0.7404 (95% Cl: 0.7016-0.7793) (Figure
3).

Discussion

In this study, a predictive model was developed
for mortality in the pediatric intensive care unit
based on the physiological indicators of the
children at the time of admission. We devel-
oped a model for predicting the risk of death in
ICU children based on 5 physiological indica-
tors (neutrophils, platelets, albumin, lactate
and oxygen saturation) with good clinical
applicability.
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reflex), 5 for acid-base and
blood gases {acidosis, acidity,
arterial blood partial pressure of carbon diox-
ide [pa(CO,)], blood carbon dioxide level, and
arterial blood partial pressure of oxygen
[pa(0,)]}, 4 biochemical tests (glucose, serum
potassium, creatinine and urea nitrogen), and 3
hematological tests (platelets, leukocytes, par-
tial thromboplastin time and prothrombin time).
Additional items such as surgical conditions
and some disease types are included. The pop-
ulation for which PRISM Il is indicated includes
newborns, infants, children and adolescents,
but not adults and preterm infants. The accu-
racy of its condition assessment and prognosis
has been validated in multicenter clinical stud-
ies with large samples, and it is the most widely
used critical care assessment tool and serves
as a reference standard for other scoring meth-
ods. Because PRISM lll selects the worst value
within 24 h or 12 h of ICU admission for calcula-
tion, rather than the value at the time of initial
ICU admission, early treatment interferes with
the assessment results [1].

PIM3 includes 10 indicators: systolic blood
pressure, pupillary reflex, partial pressure of
oxygen, residual base, mechanical ventilation
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Figure 2. Nomogram for predicting mortality of pediatric ICU. To use the nomogram, an individual patient’s value is
located on each variable axis, and a line is drawn upward to determine the number of points received for each vari-
able value. The sum of these numbers is located on the Total Points axis, and a line is drawn downward to the risk

axes to determine the risk of mortality.
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tors should be first recorded
within 1 h of ICU admission.
The PIM3 values calculated
from the regression equation
cannot be used directly to
assess the risk of death and
need to be converted to mor-
tality by the formula. Mortality
= exp (PIM3 value)/[1 + exp
(PIM3 value)] [2].
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Figure 3. ROC of the nomogram.

after 1 h of ICU admission, elective ICU admis-
sion, postoperative, and diagnosis of different
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AUC
— Dset: 0.764 As the most widely used meth-
T Vset: 0.740 od for scoring pediatric critical
cases in China, PCIS has 10
physiological indicators, inclu-
ding assessment of pH, PaO,
(mmHg), hemoglobin, sodium,
T T potassium, creatinine or urea
0.8 1.0 nitrogen, respiratory rate, he-

art rate, systolic blood pres-
sure, and gastrointestinal sys-
tem. The simplified scoring
system removed PaO,, pH,
creatinine, or urea nitrogen.
Equal values were scored for each physiologi-
cal index. The first scoring should be done with-
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in 24 h. Multiple scoring may reflect changes in
condition, and for each score, the degree of
criticality should be assessed based on the
most abnormal measured value [3].

The predictive accuracy of these mortality risk
prediction models varied significantly across
populations globally. The area under the ROC
curve for PRISM Ill was 0.858 when used in two
pediatric intensive care units in Guangzhou,
China [7]. In Hunan, China, the area under the
curve of PRISM was 0.729, PIM was 0.726, and
PIM2 was 0.721 [8]. In an Indian study, the area
under the ROC curve was 0.667 for PRISM Il
scores and 0.728 and 0.726 for PIM2 and PIM3
scores, respectively [9]. In Korea, the area
under curve was 0.775, 0.796, and 0.826 for
PRISM Ill, PIM2, and PIM3, respectively [10].
The results of a study in Switzerland showed
that the observed mortality rate in the PICU
was 2%, whereas the PIM2 predicted a mortal-
ity rate of 4.2%, with a difference between pre-
dicted and observed values and an AUC-ROC of
0.88 for the entire cohort. PIM2 scores did not
accurately predict death in patients with sepsis
and those admitted after cardiopulmonary
arrest [11]. In our analysis, the area under the
curve of the prediction model was 0.7638 (95%
Cl: 0.7415-0.7861).

Our prediction model is a novel, simple scoring
system that was based entirely on physiological
markers, which include 5 biomarkers. This
method is quick, cheap, and requires little skill.

As a non-specific marker of tissue hypoxemia,
elevated lactate is not a direct cause of high
mortality, but rather a pathophysiological indi-
cator of an aggravated disease process. A
study pointed out that admission lactate levels
are convenient and effective predictors of prog-
nosis in ICU patients, and initial lactate was
closely associated with PRISM-III. Initial lactate
levels and PRISM-III scores are strongly corre-
lated, making lactate a promising prognostic
indicator to enhance appropriate patient care
to reduce the risk of death [12]. However, calcu-
lation of the PRISM-III score takes place 12 to
24 hours after admission and therefore does
not provide immediate information for clinical
risk stratification. A previous study by our
research group published serum lactate levels
at admission, which remained an independent
risk factor for all-cause mortality risk in the
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pediatric intensive care unit after adjusting for
confounding factors such as liver and kidney
dysfunction, inflammation, acid-base disor-
ders, and malnutrition [13].

Platelet and neutrophil counts can be obtained
from routine complete blood count tests at low
cost and are easily obtained in key practices. In
critically ill patients, the initial response to
infectious agents is composed mainly of neu-
trophils. In adults, the vast majority of studies
were consistent with the effect of platelets on
mortality. Thrombocytopenia is an independent
risk factor for mortality risk in ICU trauma
patients [14]. In septic shock, thrombocytope-
nia is associated with mortality [15]. The sever-
ity of sepsis is associated with thrombocytope-
nia, which increases the risk of death in ICU
patients [16]. Another study reported thrombo-
cytopenia in sepsis-3 patients with worsening
disease and increased 28-day mortality in
patients with platelet counts <50x10°%/L [17].

Serum albumin has been identified as a possi-
ble predictor of mortality in a variety of critically
ill patient populations, such as sepsis [18], all-
cause hospitalization and death [19], and
short- and long-term mortality risk in hospital-
ized patients [20, 21].

Oxygen saturation is an important physiological
parameter of the respiratory circulation [22],
and clinicians must titrate supplemental oxy-
gen to provide adequate oxygen to tissues
while avoiding oxygen-related damage to
organs [23]. In patients with acute ischemic
stroke treated with endovascular thrombecto-
my, general anesthesia is associated with high-
er Sp0, compared with monitored anesthesia
care, and high SpO, values are associated with
higher mortality [24]. The shock index to pulse
oximetry ratio predicts mortality in emergency
trauma patients [25].

Strengths and weaknesses of this study

Strengths of this study: First, the predictors we
used are the results of conventional tests and
are simple and easy to obtain. Second, our
newly established model only contains 5 physi-
ological parameters, which are simpler and
more convenient than the existing scoring sys-
tem, and we draw concise nomograms to facili-
tate application in clinical practice. This predic-
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tive model allows for a rapid and accurate
assessment of the risk of death in children in
the ICU.

This study has several limitations. First, the
quality of retrospective clinical data and record-
ed data may affect the validity of predictive
models. Second, only 1 PICU center was includ-
ed in this study. Third, the prediction model was
not validated externally. Therefore, further mul-
ticenter studies are needed in the future to vali-
date the accuracy of the prediction model.

Conclusion

In conclusion, this study presents a new simpli-
fied columnar chart of pediatric mortality risk
(neutrophils, platelets, albumin, lactate and
oxygen saturation) that can be easily used for
individualized prediction of critically ill children
at the time of admission.
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