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Background: Early neonatal death is death of infants in the first week of life. And 34% to
92% of neonatal deaths happen within 7 days of postnatal period. Thus, the early neonatal
period is the most critical time for an infant, requiring different strategies to prevent
mortality. Among strategies, deriving and implementing early warning scores is crucial to
predict early neonatal mortality earlier upon hospital admission.

Objective: To derive and validate a risk score to predict mortality of early neonates at
Felege Hiwot Specialized Hospital neonatal intensive care unit, Bahir Dar, 2021.
Methods: The document review was conducted from February 24, to April 08, 2021, on all
early neonates admitted to neonatal intensive care unit from January 1, 2018 to December 31,
2020. The total number of early neonates included in the derivation study was 1100. Data
were collected by using checklists prepared on EpiCollectS software. After exporting the
data to R version 4.0.5 software, variables with (p < 0.25) from the simple binary regression
were entered into a multiple logistic regression model, and significant variables (p < 0.05)
were kept in the model. The discrimination and calibration were assessed. The model was
internally validated using bootstrapping technique.

Results: Admission weight, birth Apgar score, perinatal asphyxia, respiratory distress
syndrome, mode of delivery, sepsis, and gestational age at birth remained in the final multiple
logistic regression prediction model. The area under curve of receiver operating character-
istic curve for early neonatal mortality score was 90.7%. The model retained excellent
discrimination under internal validation. The sensitivity, specificity, and positive predictive
value, negative predictive value of the model was 89.4%, 82.5%, 55.5%, and 96.9%,
respectively.

Conclusion: The derived score has an excellent discriminative ability and good prediction
performance. This is an important tool for predicting early neonatal mortality in neonatal
intensive care units at admission.
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Background

World Health Organization (WHO) defined neonatal death as “deaths among live
births during the first 28 completed days of life”." It can be further subdivided into
deaths between 0 and 7 completed days of birth (early neonatal deaths) and deaths
after 7 days to 28 completed days of birth (late neonatal deaths).? Grouping of
a child’s lifetime into well-defined ages has become a vital standardization to
determine the care and interventions necessary to increase the chances of child
survival. The neonatal age which is globally accepted as beginning at birth and
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ending at 28 completed days of life' is recognized as the
most susceptible time in an infant’s life.

Early neonatal death (END) is affected by maternal
factors, neonatal-related factors, maternal health services,
and obstetrics-related factors. It can be caused by obstetric
causes during pregnancy, labor, or delivery and also by
neonatal causes, commonly immaturity related, perinatal
hypoxia, Infection, congenital abnormalities. Less com-
mon causes include birth trauma, hemorrhagic disease of
the newborn, Rhesus disease, and sudden infant death
syndrome (cot death)>® Among these, prematurity,
asphyxia, infections, congenital abnormalities, and other
causes are the four preventable causes of early neonatal
mortality.”'°

In 2018, the neonatal mortality rate was estimated as
18 deaths per 1000 live births globally. About half (47%)
of the under-five deaths occurred in the neonatal period
(2.5 million), of which 34-92% of neonatal death happen
within 7 days of the postnatal period showing significant
variation across different regions and countries,'® > 46—
62% of neonatal mortality happens within 3 days of post-
natal life,15 182425 and 11.4-58.6% of neonatal death
occurs within 24 hours of birth."'32°2® Therefore, the
first 7 days are the most critical period of a neonate’s
life,® which warrants close observation.

The majority of these newborn deaths occurred in low-
and middle-income countries.>*>? South Asia and sub-
Saharan Africa (SSA) account for 79% of the total burden
of neonatal deaths.” Sub-Saharan Africa has the highest
burden of neonatal mortality with one death in every 38
newborns before the age of 1 month.**> Sub-Saharan Africa
had the highest neonatal mortality rate in 2018 at 28 deaths
per 1000 live births, followed by Central and Southern
Asia with 25 deaths per 1000 live births. The risk of dying
for a newborn in sub-Saharan Africa is about 33 times
higher than in the lowest mortality country.® Tanzania,
Ethiopia, and Nigeria are the countries with the highest
neonatal mortality rate in SSA.**** Thus, the early neona-
tal period is among the major public health challenges in

357 and the most criti-

low- and middle-income countries
cal time for an infant.®

Strategies have been implemented with given emphasis
on the packages of care provided at the prenatal, antenatal,
intra-natal, and post-natal periods to reduce early neonatal
mortality. As a result, though it is not satisfactory as
under-five and neonatal mortality, little improvement is
there to reduce early neonatal mortality. Ethiopia has

implemented different strategies targeting at reduction of

neonatal mortality through governmental and non-
governmental organizations. However, it has among the
highest neonatal mortality rates of any country, even when
compared to the regional average for Africa.>> In 2019, the
neonatal mortality rate for Ethiopia was 27.6 deaths per
1000 live births.

Among strategies that have been implemented to address
the global burden of neonatal mortality, one strategy is to
improve the early identification of patients at risk of dying,
by deriving and implementing early warning scores in
hospitals.*® Early warning scores in neonatal intensive care
unit (NICU) assign a number to maternal and neonatal
parameters to derive a composite score that identifies
patients who need additional interventions and monitoring.
Implementation of evidence-based practices would decrease
early neonatal deaths both in high-income countries and in
low- and middle-income countries (LMICs).*”

Studies have demonstrated the usefulness of early warn-
ing scores in adult and pediatric patient populations.*®
Among available scores, the Apgar score provides an
accepted and convenient method for reporting the status of
the newborn infant immediately after birth and the response
to resuscitation if needed. However, the Apgar score alone
does not predict individual neonatal mortality or neurologic
outcome, and should not be used for that purpose.*!

The assessment of the severity of illness is very impor-
tant to determine prognosis, including predicting mortality
in neonates hospitalized in neonatal intensive care unit.**
Mortality risk and illness severity measurement in newborns
admitted to NICUs is gaining increasing attention. In 1993
three scores were developed for measuring illness severity
and neonatal mortality among infants admitted to NICUs:
CRIB (Clinical Risk Index for Babies),**** SNAP (Score
for Neonatal Acute Physiology),*” and SNAP-PE (Score for
Neonatal Acute Physiology - Perinatal Extension).*> The
SNAP score is developed based on 34 variables, assessed
during the first 24 hours after admission; SNAP-PE adds to
SNAP birth weight, small size for gestational age (SSGA),
and low Apgar score at 5 minutes after delivery. The CRIB
score evaluates six factors during the first 12 hours of life
but is appropriate only for newborns with gestational age 31
weeks or less and/or birth weight up to 1500 gm.

Although the above and other prognostic scores have

44,46-50 411 include labora-

been implemented in neonates,
tory tests that are not available in low-resource settings,
include ventilator support metrics, and require trained
providers for scoring, and does not consider maternal

factors as a prognostic indicator. Derivation of a simple,
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easily applicable score for LMICs would allow over-
burdened health care personnel to rapidly identify at-risk
neonates. However, there are no validated early neonatal
mortality prediction tools for low- and middle-income
countries (LMICs) like Ethiopia. Therefore, by consider-
ing the above limitations this study aimed to derive and
validate a risk score that provides clues for screening
high-risk early neonates at admission to NICU using
easily measurable and accessible maternal and neonatal
variables to estimate, forecast, and predict early neonatal
death.

A convenient and easily applicable prognosis is a very
crucial tool to predict early neonatal mortality earlier upon
admission. Therefore, the END NICU score that was
derived can be used by clinicians (especially, pediatricians,
pediatric residents, neonatal nurses, and neonatologists)
and public health professionals working on maternal and
child health unit to predict early neonatal mortality earlier
at admission using easily measurable and accessible mater-
nal neonatal variables. END in NICU score will also
inform early neonatal parents about the future course of
their neonate (or their risk of deriving early neonatal
death) and guide doctors and neonatal parents in joint
decisions on further treatment.

Methods

Study Design/Setting/Area/Period
This
a retrospective cohort document review at Felege Hiwot
Specialized Hospital in Bahir Dar,
February 24 to April 08, 2021.

risk score was derived and validated from

Ethiopia, from

Variables of the Study

Dependent Variable (Outcome Variable)
Early neonatal death (Yes/No).

Prognostic Determinants (Independent Variables)
Neonatal-Related Factors

Temperature, respiratory rate, heart rate, birth size, birth
asphyxia, prematurity, congenital anomaly, initiation
breastfeeding,neonatal sepsis (infection), respirators dis-

tress syndrome, Jaundice.

Maternal and Obstetrics Factors

Parity, number of ANC visits, tetanus toxoid vaccine,
place of delivery, mode of delivery, onset of labor, PNC,
maternal comorbidity (HIV, HTN, DM).

Socio Economic and Demographic Variables
Mother’s age at birth, place of residence, neonatal age,
neonatal sex.

Operational Definitions

Early neonates: early neonates are neonates whose age are
within 7 completed days of birth and late neonates are
neonates whose age are between 7 days and 28 completed
days of birth.

Sample Size Determination and Sampling

Techniques

Sample Size Determination

There are no direct methods for sample size calculation for
prognostic studies. Various studies have suggested that for
each candidate predictor studied at least 10 events are
required.”’ > Additionally, no prior estimates were avail-
able to calculate the sample size for the derivation study.
Hence, as the rule of thumb of at least 10 events per
candidate variable for logistic regression prediction mod-

35758 in line with

els was used to estimate the sample size
by Hosmer and Lemeshow recommendation.”” Since there
are 23 candidate prognostic determinants considered, by
taking 10 events per predictor parameter, the estimated
number of outcome events for the derivation study
becomes 230. Taking into account that early neonatal
death itself happens in 21% of early neonates in NICU®’
an initial model of 23 independent variables would require
a minimum of 1095 early neonates admitted in NICU to
death).
Therefore, the required final sample size for the derivation
dataset was 1095.

get estimated events (230) (early neonatal

Sampling Techniques
All early neonates fulfilling the inclusion criteria were
recruited from the NICU registry for derivation datasets.
It includes all early neonates admitted from January 1,
2018, to December 31, 2020.

Data Extraction Procedure

Data were collected using structured checklists prepared
from studies that have been conducted on related
13:2261-63  The  checklist

demographic information, maternal or obstetrics, and neo-

topics. consists of socio-
natal risk factors of early neonatal deaths. All required

variables were entered on the EpiCollect5 form builder.
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EpiCollect5 software platform was used to extract data for
this study.

Infant records and registers were requested and
reviewed for data including gestational age at birth, sex,
birth weight, and complications during the first hospitali-
zation of life, and early neonatal outcome at discharge.
Maternal records and registers were requested and
reviewed for demographic data, medical and obstetrical
histories, and course of pregnancy and delivery.

Four data collectors and two supervisors were partici-
pated in the data collection. Before the actual data collec-
tion, training was given for data collectors and supervisors
for 1 day about data collection and recording. Data were
collected using a data extraction form prepared to extract
the necessary information for the study based on the World
Health Organization (WHO) standard neonatal and mater-
nal register.

Data Quality Control

To ensure data quality, training was given to all data
collectors before data collection. The investigators and
assigned supervisors have supervised the overall activities
of data extraction, and 5% of the data collected were
randomly selected and checked with the neonatal register
by the principal investigator. Tool Validity was checked by
doing a pretest on 110 early neonates at the University of
Gondar Hospital (out of the study area). Modification of
the tool (the order and content of questionnaires) was
made based on the pre-test result. To confirm the questions
are internally and externally consistent, we validated by
Cronbach’s  Alpha testing. We did
Cronbach’s Alpha test for all questions, and the result

test and pilot

was greater than 0.7, indicating excellent internal consis-
tency in the responses.

Data Processing and Analysis

Data Exporting and Cleaning

The data were exported to R version 4.0.5 software for
analysis. Data were checked for missing values. Multi-
collinearity between each predictor was assessed and if
strongly correlated (VIF > 10) the variable most strongly
associated with the outcome measure, or the measure that
is easiest to measure was selected.®* Descriptive statistics
including mean, standard deviations (SD), median, inter-
quartile range (IQR), percentages, and rates were con-
ducted. Then, results were presented in tables and graphs
as necessary.

Missing Data Handling

Variables were admission weight 69(6.3%); age of
mother 67(6.1%); gravidity 66(6.0%); parity 65(5.9%)
RR 61(5.5%); gestational age 59(5.4%); birth APGAR
score 57(5.2%); birth weight 55 (5.0%); heart rate 50
(4.5%); temperature 47(4.3%); neonatal age at admis-
sion 42(3.8%); place of delivery 16(1.5%) missing
values. Missing data pattern was assessed and we
assumed data were missing at random, and we, there-
fore, implemented a multiple imputations by creating up
to 10 imputed datasets via chained equations® was
considered.>®> However, since maternal TT vaccination
status and number of ANC attended had more than 30%
of missing values, we excluded from imputation and
further consideration.

Derivation of Score

Variable Selection

To select variables for the final model, the statistical
method p-value of <0.25 from simple logistic regression,
the correlation between each predictor variable, ease of
interpretation, their strength of association with the out-
come variable, and their clinical relevance were used.
Statistically, simple logistic regression was conducted on
the derivation dataset to investigate the relationship
between each predictor and early neonatal mortality in
NICU. Variables with p < 0.25 from the simple binary
logistic regression were selected.

Based on the above procedures, eight predictors were
selected for the final model, which includes age of mother,
admission weight, birth APGAR score, perinatal asphyxia,
respiratory distress syndrome, mode of delivery, sepsis,
and gestational age.

Building the Model

All selected variables from simple logistic regression and
other criteria mentioned above were firstly entered at the
same time into a model. Subsequently, the variables with
the highest p-values were removed. Then, the model was
run. This step was repeated until all variables were left
with a p-value smaller than 0.05.°® Among eligible mod-
els, those that best fulfilled the following characteristics
were chosen: suitable calibration (Hosmer—Lemeshow),
area under the ROC curve (AUC of ROC), parsimony
(small number of explanatory variables), ease of interpre-
tation, and clinical plausibility. Therefore, based on the
above criteria, the model with the following variables:
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admission weight, birth APGAR score, perinatal asphyxia,
respiratory distress syndrome, mode of delivery, sepsis,
and gestational age were selected. Using the results,
a prediction model was developed, and equation for the
prediction model was obtained (Table 1).

The Performance of the Prognostic Score
Once a prognostic model is derived, the model was inves-
tigated how well it works, how well the model does pre-
dicts early neonatal death in NICU.

Calibration

In a calibration plot, groups of predicted probabilities of the
outcome were plotted against groups of observed probabil-
ities. Calibration can be used to assess how well the observed
probability of the early neonatal death in NICU agrees with
the probability predicted by the model. Accordingly, the
calibration plot of the END in NICU showed that it has
good calibration (Figure 4). The Hosmer—Lemeshow good-
ness-of-fit test was 0.56 indicating that there is no difference
between predicted and observed values.

Table | Simple and Multiple Binary Logistic Regression Between Predictor Variables and Discharge Status for Derivation and
Validation of a Risk Score of Early Neonatal Death Among Early Neonates in Neonatal Intensive Care Unit, 2021

Variables Discharge Status | COR (95% CI) AOR(95% CI) B-Coefficients of Score
AOR
Died | Not Died
Birth APGAR score
0-3 32 10 27.27(12.82, 58.04)** | 6.20(2.36, 16.30)** 1.824 4
4-6 119 320 3.17(2.27, 4.42)** 1.62 (1.05, 2.51)* 0.483 |
7-10 65 554 | [ 0
Presence of perinatal asphyxia
Yes 6l 117 2.58(1.81, 3.68)** 5.23 (2.86, 9.59)** 1.655 3
No 155 767 | | 0
Modes of delivery
Cesarean section 77 238 1.50(1.10, 2.06)* 3.89 (2.26, 6.70)** 1.357 3
Spontaneous delivery 139 646 | | 0
Presence of respiratory distress
syndrome
Yes 77 67 6.76(4.65, 9.81)** 4.67 (2.72, 8.03)** 1.542 3
No 139 817 | [ 0
Admission weight (gram)
<1500 105 64 11.88(7.94,17.76)** 3.96 (1.77, 8.88)** 1.377 3
15002499 44 335 0.95(0.63,1.43) 1.80 (1.32, 2.65)* 0.589 |
22500 67 485 | [ 0
Age of mother
<20 15 129 |
21-29 48 312 1.32(0.72, 2.45) 1.43(0.65, 3.16)
230 153 443 2.97(1.69, 5.23)** 1.81(0.89,3.68)
Gestational age (weeks)
<32 148 124 14.60(10.07, 21.19)** | 10.21 (5.23, 19.94)¥* | 2.324
32-36 17 136 1.53(0.86, 2.73) 2.32 (1.07, 5.03)* 0.842
237 51 624 | |
Sepsis
Yes 69 52 3.74(2.52, 5.57)** 5.38 (3.06, 9.45)** 1.683 4
No 815 164 | | 0
Total score 29
Notes: **P-value<0.001, *P-value<0.05.
Abbreviations: APGAR, appearance, pulse, grimace, activity, and respiration; AOR, adjusted odds ratio; COR, crude odds ratio; Cl, confidence interval.
International Journal of General Medicine 2021:14 htps: 8125
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Figure | The receiver operating curves with the area under the curve of the
derivation datasets of the final multiple logistic regression model. (The solid green
color shows the area under the curve with surrounding 95% CI. While the dotted
line at the middle (a ROC curve close to the y = x or 45-degree line) is an reference
line for poor model with no predictive).

Discrimination

The discriminatory power of the model was assessed by
AUC of ROC curve plotting sensitivity against 1-specifi-
city of the model (Figure 1).

Creating a Prediction Rule

The regression coefficients were transformed into risk
scores to facilitate the use of the prediction rule in prac-
tice. To create a clinically useful and accurate Early
Neonatal Death Score (END in NICU score), the regres-
sion coefficients from the final multiple logistic regression
model were used to assign integers to each variable.
A frequently used method for this is to divide the

regression coefficients by the lowest value. A risk score
containing these scores can then be generated to allow the
probability of an outcome to be easily calculated for
individual. The Transparent Reporting of
Prediction Model for
Prognosis or Diagnosis checklist was followed.®”

a given

a Multivariable Individual

Internal Validation of the Score

The same dataset used for model derivation was used for
internal validation by bootstrapping technique to adjust for
optimism. Beta coefficients of logistic regression model,
AUC of ROC curve, sensitivity, specificity, positive predictive
value, negative predictive value of the model after bootstrap-
ping was compared with the original result before bootstrap-
ping techniques. Then, the level of optimism was assessed.

Results

Result of Descriptive Analyses

The derivation dataset includes 1100 early neonates, of
which 617 were males. About 20 (19.6%) neonates aging
less than 7 days admitted died in NICU. Half of all admitted
neonate’s weight was below 2500gram. Two hundred
seventy-two (24.7%) were born before 32 gestational
weeks. Cesarean section was used to deliver 28.6% of
admitted neonates. The APGAR score of 56.3% of neonates
aging less than 7 days was greater than 7. Prematurity and
low birth weight were present in 425(38.6%), and 539
(49.0%) of admitted neonates aging less than 7 days respec-
tively. The respective figures for sepsis, RDS, perinatal
asphyxia, and congenital malformation were 121(11.0%),
144(13.1%), 178(16.2%), and 37(3.4%) (Table 2).

Regression Results and Risk Score
From those variables with p-value<0.25, eight variables
were selected for the final model after passing several
reduction processes and reiteration process based on
a correlation between each predictor variables, ease of
interpretation, their strength of association with the out-
come variable, and their clinical relevance, which includes
age of mother, admission weight, birth APGAR score,
perinatal asphyxia, respiratory distress syndrome, mode
of delivery, sepsis, and gestational age. The risk score
was generated by dividing the regression coefficients by
the lowest value and rounding to the nearest integer.
Accordingly, the total risk score becomes 29 (Table 1).
Based on Youden Index method, the cutoff point of pre-
dicted probabilities was 0.1363. Based on maximizing
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Figure 2 The density plots of the derivation datasets of the final multivariate model. (The red one represents early neonates who are at low risk of death and the blue one

those who are at high risk of death).

efficiency method (MaxEfficiency), it was 0.4192, and based
on maximizing specificity (MaxSp), it was 0.8560. Based on
different methods applied, the cutoff point might vary.

However, we selected the cutoff point of 0.1363, which
was based on Youden Index method. The sensitivity of the
model was 89.4% and the specificity of the model was
82.5%. The model also has the positive predictive value of
55.5% and negative predictive value of 96.9%. The posi-
tive and negative likelihood ratios of the model were also
5.10 and 0.13, respectively. The accuracy was 88.4%.

Similarly, the cutoff point was made for the risk score
derived from beta coefficients. Based on the maximum
efficiency, the risk score developed from beta coefficients
was stratified as low-risk score (<7 score), high-risk score
(>7 score). The risk score has comparable discrimination
ability with the model having AUC 0.91(0.89, 0.93). The
derived score also has the following comparative measures
with original beta coefficients. Sensitivity = 87.5% speci-
ficity = 83.6%, positive likelihood ratio = 5.33, negative
likelihood ratio = 0.15 Negative predictive value 96.5%,
positive predictive value 56.6%. The accuracy of the score
was 84.4%.

Performance Measures
Decision Curve of the Model
Figure 3 shows that the model (apparent curve) has the
highest net benefit across the entire range of threshold

probabilities, which clearly indicates that the model has
the highest clinical and public health value.

Hence, decision made using the model has a higher net
benefit than not using at all regardless of their risk thresh-
old to predict early neonatal death in NICU upon admis-
sion (Figure 3).

Calibration Curve

The calibration plot shows the predicted probabilities in X-axis
against the observed probabilities in Y-axis. If our model is
perfect in calibration it should be in 45-degree line meaning
predicted and observed probabilities should be the same. When
we look at our model calibration confidence interval, it is good
throughout the probabilities. The p-value is 0.138, which is less
than 0.05, showing that the predicted probabilities and the
observed probabilities are the same null hypothesis is correct.
Therefore, the model is well calibrated (Figure 4).

Receiver Operating Curves

The receiver operating characteristic curve shows that the
AUC of this model is 90.7% (95% CI: 88.2-92.9%) showing
that it is a strong performing model or has excellent discrimi-
natory power. Powerful models have ROC curves that
approach the upper left corner, which indicates that the
model achieves the maximum of 100% sensitivity and 100%
specificity simultaneously. Conversely, a poor model with no
predictive value will have a ROC curve close to the y =x or 45-
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Table 2 Baseline Characteristics of Study Participants for
Derivation and Validation of a Risk Score of Early Neonatal

Table 2 (Continued).

Death Among Early Neonates in Neonatal Intensive Care Unit Variables Response Frequency | Percent
2021 (N= 1100)
Perinatal asphyxia Yes 178 16.2
Variables Response Frequency | Percent No 922 83.8
Sex of the neonate Male 617 56.1 Congenital Yes 37 34
Female 483 439 malformation No 1063 96.6
Age at admission <24 hours 793 72.1 Age of mother <20 144 13.1
24-72 hours 158 14.4 21-29 360 327
= 72 hours 149 13.5 >30 596 542
Admission weight <1500 169 15.4 Residence of mother | Urban 523 475
(gram) 15002499 379 345 Rural 577 525
22500 552 50.2
Gravidity | 130 11.8
Admission <36 563 51.2 24 8l 737
temperature 36-36.4 113 10.3 25 159 14.5
36.5-37.5 278 253
5375 146 133 Parity | 60 55
24 923 83.9
Admission heart rate | <100 38 35 25 117 10.6
100-160 849 77.2
>160 213 19.4 TT vaccination status | No not 76 6.9
vaccinated
Admission <30 53 48 Unknown 4 0.4
respiratory rate 30-60 710 64.5 Yes vaccinated 690 62.7
60 337 30.6 Missing data 330 30.0
Gestational age <32 272 247 Number ANC 1-3 570 51.8
(weeks) 32-36 153 13.9 attended 24 200 182
237 675 61.4 Missing data 330 30.0
Mode of delivery Cesarean 315 28.6 Discharge status Not died 884 80.4
section Died 216 19.6
Spontaneous 785 714 . ) — ) )
] Abbreviations: PICT, Provider Initiated Counseling and Testing; APGAR, appear-
delivery ance, pulse, grimace, activity, and respiration; VDRL, The Venereal Disease
Research Laboratory test; TT, tetanus toxoid; RDS, respiratory distress syndrome;
Place of delivery Home delivery 102 9.3 ANC, antenatal care.
Same facility 998 90.7
APGAR score at 0-3 £ 38 degree line. It shows the probability that the model will give
birth 4-6 439 39.9 a higher predicted probability to a randomly chosen positive
7-10 619 56.3 patient than a randomly chosen negative patient (Figure 1).
Birth weight (gram) | <1500 158 14.4
15002499 38l 34.6 DenSity PIOt
22500 561 51.0 . L.
As shown in the graph, the total sample size is 1100, early
Prematurity Yes 425 386 neonatal death (positive cases) are 19.6%. The red one
N 675 61.4 .
° represents early neonates who are at low risk of death
Low birth weight Yes 539 49.0 and the blue one those who are at high risk of death. As
No 56! 51.0 we can see, there is some overlap indicating that the model
Sepsis Yes 121 1.0 is not 100% perfect (Figure 2).
No 979 89.0
RDS Yes 144 13.1 Internal Validation
No 956 869 Internal validation of the model was conducted on the deri-
(Continued) vation dataset using bootstrap sampling. Bias-corrected
8128  "tes International Journal of General Medicine 2021:14
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sides show 95% CI of the apparent curve; Blue line show the cross validated model.
Black horizontal line at the bottom is null model without independent variables. While
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mean, 95% Cls of the receiver operating curve, sensitivity,
and specificity were calculated by bootstrapping 2000 sam-
ples with replacement. Therefore, after bootstrap internal
validation, optimism corrected AUC was 0.904 with 95%
CI (0 0.87, 0.92). Model optimism was estimated as 0.003
indicating minimal overfitting of the model to the data. The
bootstrap sampling also have 80.5%, 86.6%, 53.2%, 97.4%
specificity, sensitivity PPV, and NPV, respectively. The posi-
tive and negative likelihood ratio was 4.44 and 0.17, respec-
tively. The bootstrapped sample also has an accuracy of
88.4%. Beta coefficients are also almost similar with minimal
variation.

Discussion
This study has derived a predictive model for predicting
early neonatal mortality in early neonates who were
admitted to neonatal intensive care units that suggests an
excellent predictive ability in the derivation cohort AUC:
0.907 (95% CI: 88.2-92.9%). The score was named as
END in NICU score, which is a simple tool for a clinical
decision that uses seven easily accessible variables for
predicting early neonatal mortality just upon admission
to neonatal intensive care unit. The developed END in
NICU score has excellent discrimination and calibration
on the developed dataset. Accordingly, the study identified
admission weight, birth Apgar score, perinatal asphyxia,
and respiratory distress syndrome, mode of delivery, sep-
sis, and gestational age during birth as a predictor of
mortality just at admission. By using these variables
a prediction score was developed and a score for the
prediction model was obtained. None of the suggested
models put forward so far has revealed such a suitable
predictive ability and did not consider maternal factors
specifically for early neonates, which are the highest
risky period in neonatal age.

No tool was developed to predict specifically early
neonatal mortality in NICU. However, there are tools
developed to predict the mortality of neonates in NICU
in general. In 1989 and 1990 SNAP model was devel-
oped based on 28 objective physiologic measurements
that occur within the first 24 hours after admission (eg,
blood gas pH, mean arterial pressure).*> Later on,
SNAP-PE includes the physiologic variables of SNAP
and adds birth weight, 5-minute Apgar score, and gesta-
tional age.*” However, it needs intensive data collection.
In 1993 CRIB was developed which is based on 6 vari-
ables less intensive to collect collected within the first 12
after birth but still

hours based on physiologic
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parameters measured laboratory-based.** The CRIB II
was published in 2003 by Parry et al 14 to update the
original CRIB.** Updated SNAP II and SNAP-PE II
highly predictive of neonatal mortality and were pub-
lished in 2001. However, all above mentioned include
a laboratory test that is not available in low-resource
settings, include ventilator support metrics, and require
trained providers for scoring and does not consider
maternal factors as a prognostic indicator. The develop-
ment of such easily applicable scores for LMICs would
allow overburdened health care personnel to rapidly
identify at-risk neonates. Therefore, this END in NICU
score would be used to fulfill this gap for low- and
middle-income countries.

There was also an attempt made to develop a tool to
predict neonatal mortality in NICU in Ethiopia.®* It was
named as neonatal mortality score, which was based on
four prognostic determinants. In line with this finding, the
study included respiratory distress and gestational age as
prognostic determinants of neonatal mortality. The study
also included birth weight as prognostic factors, though it
was excluded from the final analysis in our study because
it correlates with admission weight. Therefore, in our
study admission weight was found to be a risk indicator.
The discriminatory performance of END in NICU score is
higher than that of neonatal mortality score that is 0.88.
Even the sensitivity and specificity of END in NICU is
more performing than that of neonatal mortality score.
This difference might be due to sample size variation,
overall approach and design.

Most scores developed before were physiology-based
intensive care unit scores®®®” having an AUC of ROC
between 0.80 and 0.90 such us SNAP-II, which is lower
than END in NICU score discriminative ability of 90.7%.
In addition, these physiologic-based scores need intensive
training, specialized professionals, and high cost to collect
data, which minimizes the utility of the scores. In SNAPE-
IL* however, an attempt was made to include many
perinatal risk factors such as gestational age, birth weight,
sex, white race, multiple births, and size for gestational
age, and Apgar scores as determinants in addition to
physiologic factors in SNAP-II. Finally, the model
includes birth weight, Apgar score, and gestational age
as prognostic determinants of neonatal mortality, which
is similar to END in NICU score, though it is still less
applicable, cumbersome and expensive to be applied in
resource limited countries.

The derived END in NICU score can easily be applied
in resource-limited countries like Ethiopia, since it was
derived from easily accessible maternal and neonatal vari-
ables by health professionals. When we look at some
variables included in the model, admission weight was
the first. Admission weight might be the best over birth
weight in less developed countries where home delivery is
still a headache for health service system utilization and
difficult to get birth weight. Most studies were developed
considering birth weight.*’

The score which is converted to an integer will ease
easy interpretation and implementation in the neonatal
intensive care unit and can result in more similar accuracy
with  the
Additionally, the study was based on a large sample size

multiple logistic regression coefficients.
and tried to include multiple variables of maternal obste-

tric  characteristics and neonatal characteristics.
Additionally, after external validation, the finding can be
applicable in NICU of hospitals in Ethiopia.

The Early Neonatal Mortality Score may be utilized by
bedside nurses and clinicians in understaffed NICUs in
low-resource settings to quickly identify sick neonates
needing additional interventions. These results provide an
opportunity to improve the identification of neonates at
risk of dying, guide triage decisions within and between
NICUs, and allow for the appropriate allocation of person-
nel resources. Furthermore, at-risk neonates identified by
the score may benefit from a prioritized bundle of inter-
ventions that are part of NICU care.

In LMICs, there are barriers in obtaining supporting
laboratory data for all admitted early neonates. The END
in NICU Score may lead to a paradigm shift of identifying
early neonatal mortality without laboratory evaluation
before death. A nurse in our setting will easily be caring
for 5-20 patients in any given shift. Therefore, having
a score that allows rapid assessment of the neonates to
identify the babies at risk of mortality with only seven
easily accessible parameters can prove to be an incredible
tool at the bedside. Once identified, at-risk neonates can
quickly receive the required interventions. Moreover, such
a score can also allow for appropriation of limited devices
such as a bubble-CPAP to be used only on those patients
that require it. The score may help prioritize the early
neonates needing limited resources.

Limitations of the Study
The findings have limitations that should be considered while
using the study. This study excluded maternal TT vaccination
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status and number of ANC attended from further analysis
because these variables had more than 30% of missing
values. These variables might influence early neonatal mor-
tality. Categorizing continuous variables for ease of clinical
application might affect its predictive power and accuracy.

Conclusion and Recommendations

Conclusion

This study shows the possibility of predicting early neo-
natal mortality using a simple prediction model con-
structed from easily accessible and applicable maternal
and neonatal characteristics, including admission weight,
birth Apgar score, perinatal asphyxia, and respiratory dis-
tress syndrome, mode of delivery, sepsis, and gestational
age at birth. The derived END in NICU score has good
sensitivity for predicting early neonatal mortality. It has an
excellent discriminative ability (accuracy) with the area
under the curve of 0.907. This new and relatively simple
early neonatal mortality risk score had a good prediction
performance in Ethiopia Hospitals having similar setup
infrastructure. Therefore, the prediction score will help to
do a risk stratification of early neonates and to identify
those at higher risk of death at admission. Subsequently,
high-risk groups linked to a center, which is equipped with
good facilities for further assessment and better manage-
ment. Hence, this feasible prediction score would offer an
opportunity to decrease early neonatal complications and
hence improving the overall child health care.

Recommendation

This is an important tool for predicting early neonatal
mortality in NICU just at admission. Therefore, this
score may prove to be a better model for application in
low- and middle-income countries also after external vali-
dation. We strongly recommend for researchers validating
the prediction tool in another context before introducing it
to clinical and public health practices, preferably using
real-world data through prospective validation studies.
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