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1. Introduction and background

The under-5 mortality rate has halved in the past three decades, but neonatal mortality has not declined at the same
proportion [1, 2]. Since the percentage of neonatal deaths has increased [3], future improvements in child survival will
require a considerable reduction in the neonatal mortality rate [4]. Low- and middle-income countries account for the
majority of neonatal deaths, but tracking progress is complicated by the lack of reliable statistics [5]. In these contexts,
the neonatal mortality is estimated from the full birth histories collected in nationally representative surveys [6, 7].
Although demographic surveys are systematically collected ensuring higher standards of quality, survey estimates are
affected by reporting errors. The evidence suggests that heaping at the age of seven days might transfer some early
neonatal deaths (first week) to the second week of life [8]. Yet more concern would exist about the neonatal deaths
underreported in surveys, inasmuch as the proportion of deaths during the first two days of life has poor fitting to a
model of mortality [9]. In fact, stillbirths and early neonatal deaths are misclassified in surveys because the fear of
social stigma, or denied when the experience is too painful to be reported [10, 11].

The undercount of neonatal deaths is not exclusively of survey estimates. The same limitation has been detected in
vital registration and demographic surveillance systems [12, 13]. On the one hand, some registration systems failed to
keep record of the early deaths that they were not previously registered as births. In fact, the underestimation of the
neonatal mortality is directly related to the definition of a live birth [14, 15, 16]. While most countries consider any
sign of live, preterm and underweight infants dying the first week or life have been classified as stillbirths in some
countries [13]. On the other hand, most demographic surveillance systems have a limited scope to record stillbirths
and neonatal deaths, unless pregnancies would be registered as relevant events or after linking the records of antenatal
clinics. However, these improvements have not been fully implemented yet. As a result, many neonatal deaths remain
undercounted and monitoring future interventions would require better estimations.

Models of mortality can help to evaluate and correct both record and survey estimates of neonatal mortality. The
classical approach was the Bourgeois-Pichat’s “biometric model” [17], used to decompose the neonatal mortality
according to endogenous and exogenous causes of death. Since the exogenous component was estimated fitting the
monthly distribution of post-neonatal deaths, this component was considered a lower bound to evaluate the
completeness of infant deaths in the analysis of historical populations [18, 19]. Modern approaches aim to estimate the
proportion of neonatal deaths as a function of the infant or the under-5 mortality rate [1, 20], and the indirect
estimation of the neonatal mortality. The indirect estimation takes advantage of the strong correlation between the
probability of dying at early ages (the first weeks or months of life) and the probability of dying at post-neonatal ages
[21, 13], or the under-5 mortality rate [22, 23]. In the practice, this correlation is estimated from countries with reliable
records and the empirical regularities are extrapolated to countries with defective data, nevertheless admitting some
degree of flexibility. Although there is consensus in the necessity to adjust some data before estimating the trends and
forecasting the future trajectories of the neonatal mortality [22, 23, 4, 24], how to modelling the neonatal mortality is a
matter of discussion.

This extended abstract describes a method for the indirect estimation of the neonatal mortality, following the
demographic approach of the Model Life Tables [25, 26, 27, 28]. The model was estimated from the most reliable
records of the Global Age Patterns of Under-5 Mortality database, a newly collected database of national distributions
of deaths by detailed age and calendar year. Given the geographical dispersion (25 countries) and the years of the
database (1877-2016), it is a general model able to evaluate and correct both vital record and survey estimates of
mortality. The model predicts the mortality rates at early ages, by weeks and months of life, for a given combination
of parameters related to the level and pattern of mortality [29]. Hence, the indirect estimation of the neonatal mortality
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is to find the optimal combination of parameters, matching or fitting the model to the most reliable probabilities of
dying observed at post-neonatal ages. Preliminary results shows that the neonatal mortality can be estimated from the
post-neonatal mortality. This indirect estimation improves significantly if a prior distribution of the level of mortality
is available. This prior can be estimated from high-quality Vital Registration (VR) data.

2. Data

The main source of data is the Global Age Patterns of Under-5 Mortality database (GAPU5M). Specifically, a
selection of 1,235 life tables for both sexes combined allocated in two random samples. The 60 per cent of the dataset
(741 life tables) was used to estimate the coefficients of the model and for drawing prior distributions of the
parameters. The remaining 40 per cent (494 life tables) was used to evaluate the accuracy and precision of the indirect
estimates of the neonatal mortality. This random selection was repeated several times, in order to avoid dependency on
the selection and to calculate confidence intervals. Secondary datasets included 262 life tables estimated from the
Demographic and Health Survey (DHS) and some Incomplete VR (not part of this extended abstract). These
secondary datasets were used for testing purposes.

3. Methods

The model

We propose a Model Life Table (MLT) that produces a mortality schedule by detailed age between 0 and 5 years for a
given set of parameters h and k, related to the level and the shape of the mortality at early ages [29], following the
approach of Wilmoth et al. for adult ages [28]. The model assumes that mortality rates are log-quadratic functions of
the level of mortality, which is the standard approach in the analysis of the neonatal mortality [22, 23, 4]. The MLT is
a system of 22 equations, given the following exact-age cut-off points for age-specific mortality rates: 0, 7, 14, 21, 28
days; 2, 3,4,5,6,7,8,9, 10, 11, 12, 15, 18, 21 months; and 2, 3, 4, 5 years. Since the neonatal mortality rate is
calculated as the probability of dying within the first 28 days of life, the first four equations of the MLT are necessary
to estimate its value. This property adds flexibility and precision to the model, compared to the most conventional
approaches depending on just one equation. From the perspective of a MLT, the neonatal mortality rate can be
estimated indirectly given the probabilities of dying at post-neonatal ages.
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As shown in equation (1), the model includes a set of age-specific coefficients {a,, by, c,, v, }, that have been
estimated in two steps. The first three coefficients were estimated by Ordinary Least Squares (OLS), assuming the
probability of dying below the age of five years as a proxy of the level of mortality, henceforth h = In[q(60m)]. The
last coefficient is an element of the first-orthonormal eigenvector estimated from the Singular Value Decomposition of
the covariance matrix of the residuals, following a standard approach in demographic estimation [30, 31, 28, 32]. The
intuition is that given the orthogonality condition of OLS, residuals are unrelated to the level of mortality. Hence, the
age-covariance of the residuals would inform systematic deviations from the general pattern of mortality. From this
perspective, the last coefficient would help to adjust the mortality rate at some age x, given a change in the mortality
rate at some other ages. Given the coefficients of the model, Figure A1 shows the neonatal mortality as a function of
the post-neonatal mortality for different values of k (see Appendix). The figure shows that keeping constant the
probability of dying after 28 days, DHS estimates of neonatal mortality are lower than any prediction based on the
vital records of GAPU5M.

The indirect estimation of the neonatal mortality (one parameter and one entry value:k = 0)

If neonatal deaths are underreported, the infant and the under-5 mortality rates cannot provide a satisfactory correction
of the neonatal mortality, as they are also underestimated. Therefore, conventional approaches using just one equation
and depending on these probabilities of dying have a null application as methods for demographic estimation.
Conversely, MLTs are built on the necessity of indirect estimations. The indirect estimation of the neonatal mortality
is to find the values of h and k, matching or fitting some probabilities of dying at post-neonatal ages that are more
reliable. At least one probability of dying will be necessary to estimate the value of h, and two probabilities to
estimate h and k. However, some demographic or statistical restrictions can replace one of these probabilities of dying
for the model to be identified.

Assuming the simplest case of observing just one probability of dying at post-neonatal ages q[28d, 60m) and
considering that the MLS is a system of nonlinear equations, the optimal value of h is calculated by numerical
methods making the error of prediction equal to zero, r( ) = 0.
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Given an initial value of h, assuming that k = 0, and following the Newton’s method, the optimal value of h* is
iteratively updated by equation (3), as the relative error of prediction () approaches to zero.
-1
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The indirect estimation of the neonatal mortality (two parameters, one entry value and prior distributions)
If two probabilities were observed, then the same numerical method can be applied to calculate the optimal values of h
and k, matching the model to the observed data and taking advantage of a Jacobian matrix of the first-order partial
derivatives of the errors. We argue that this approach (matching two probabilities of dying at post-neonatal ages) does
not necessarily add more information to improve the indirect estimation of the neonatal mortality. However, having a
prior knowledge of the level of mortality h, allows calculating the optimal value of k, matching the value of post-
neonatal mortality. Assuming that the prior is closely related to the neonatal mortality, the two parameters would
improve the precision of the model. In this regard, we aim to have a prior distribution of h, given q(28d) and
q[28d, 60m), when the post-neonatal mortality is observed.

Prior distributions of the level of mortality were drawn from the estimation sample. Given that we observe q(28d)
and g[28d, 60m), we calculated the optimal values of h and k, matching these two probabilities of dying. Figure A2
shows the value of h conditional to matching these probabilities in the context of high-quality VR data. Applying local
regression, we predicted the value of h for a given value of q[28d, 60m) for each life table of the evaluation sample.
Nearest errors around the value of g[28d, 60m) were used to account for the dispersion of the predicted value of h.
The distribution h was smoothed and evaluated at 5,000 random points. Then, the optimal value of k was calculated
keeping constant the value of h, and matching the probability of dying after the first month of life q[28d, 60m).
Finally, we assessed the accuracy and precision of the indirect estimation comparing the actual value of the neonatal
mortality with a model’s prediction using the evaluation sample.

4. Preliminary results

Having a prior distribution of h improves the indirect estimation of the neonatal mortality. Compared to the model of
one parameter k = 0, two parameters increase the goodness-of-fit and reduce the variance of errors. We extended the
approach in order to consider more than one way to estimate a prior distribution of h. This is possible when more than
one probability of dying is observed. Hence, the distribution of the level of mortality h was investigated as the optimal
value resulting of matching the new probability of dying and the neonatal mortality. From this perspective, each prior
provides relevant information for the indirect estimation of the neonatal mortality. The resulting distribution reduces
the range of possible values of h, as shown in Figure A3 for the life table of Finland 1950. As shown in Table Al,
having more than one probability of dying to estimate a prior distribution of h increases the goodness-of-fit and
reduces the variance of errors even more.

5. Further directions

This extended abstract describes an indirect method to estimate the neonatal mortality from observed probabilities at
post-neonatal ages. Indirect estimation improves when more than one probability of dying is observed. Further
research will be concentrated in improving the precision of the estimations. Hence, we aim to identify the groups of
ages that are more relevant for the indirect estimation of the neonatal mortality. Defining the relevant ages, the model
will be ready to evaluate survey estimates from the DHS and incomplete VR. Further research will dedicate more
analysis to the problem of bias, when the model fails to reproduce the value used to predict the mortality at all ages

h # In[q(60m | h, k)]. Figure A5 shows that optimal solutions when the neonatal mortality is observed are located at
regions of minimal bias. Therefore, several values drew in the distribution of h can be discharged.



6. Appendix

Figure Al:The neonatal mortality as a function of the Figure A2: The post-neonatal mortality and the optimal value
probability of dying after 28 days of life of h, matching the neonatal mortality
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Figure A3: Empirical distribution of h, given the probabilities ~ Table Al: Precision and accuracy of the indirect estimation of

of dying at different ages, Finland 1950 the neonatal mortality
R Trr— | | RMSE P50 p25  p975
60 H o o | A0 ] h and q[28d,60m) --- k = 0 030 028 0.32
Ty e “ | h, k, and q[28d,60m) 028 026 0.32
- (il h, k, and four probabilities 025 024 0.27
§ Goodness-of-fit p50 p25 p97.5
h and q[28d,60m) --- k = 0 0.89 0.87 0.90
h, k, and q[28d,60m) 090 087 091
h, k, and four probabilities 092 091 0.93

1-var(error)/var(observed)
Values calculated from 200 random samples. 60 per cent of
life tables for estimation and 40 per cent for evaluation.

Figure A4: Empirical distribution of q(28d), given the Figure A5: The bias of the model and the optimal values of h
probabilities of dying at different ages, Finland 1950 and k, matching the neonatal and post-neonatal mortality
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