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Extended Abstract

Introduction

A persistent challenge in the production of official statistics is the problem of missing data. Missingness
occurs when values for certain variables are not recorded for a subset of, or all respondents.

Within vital registration systems, a notable example is the omission of the mother’s date of birth on
live birth records. Maternal age is a fundamental variable for demographic analysis and is indispensable
for estimating key fertility indicators, most notably the Total Fertility Rate (TFR). The absence of precise
maternal age information can introduce bias, distort fertility estimates, and lead to erroneous conclusions,
ultimately undermining evidence-based decision-making in demographic and health policy.

Under varying assumptions regarding the proportion and mechanism of missingness, the objective of
this study is to assess the implications of various imputation methods for maternal age.

Methods and Data

The dataset utilized in this study encompassed all registered births during the Persian calendar year Y€+ Y
(Y« YY-Y.Y¢ Gregorian year), obtained from the Population Information Database maintained by National
Organization for Civil Registration of Iran. The analysis incorporated six variables: infant gender, birth
order, province of birth occurrence, paternal age at birth, urban—rural classification of the birth location,
and the primary variable of interest—maternal age at birth.

Six imputation methodologies were implemented to address absent values in maternal age data. These
encompassed machine learning approaches, such as K-Nearest Neighbors (KNN), MiceForest, and
MissForest, as well as statistical techniques, such as straightforward imputation, Expectation—
Maximization (EM), and Multiple Imputation by Chained Equations (MICE). The investigation assessed
the impact of different missingness mechanisms and proportions on the performance of imputation. Three
distinct missing data mechanisms—Missing Completely at Random (MCAR), Missing at Random
(MAR), and Missing Not at Random (MNAR)—were systematically simulated across varying
missingness proportions in relation to maternal age.

Findings

The results of this study demonstrate that, across varying mechanisms and proportions of missingness,
machine learning—based imputation methods consistently outperform traditional approaches. Among the
conventional techniques, the MICE method exhibited markedly superior performance compared to
simpler strategies such as mode imputation or the EM algorithm. Within the category of machine learning
approaches, the performance of the KNN method was found to be closely aligned with that of MissForest;
nevertheless, MissForest consistently proved to be the most effective method for imputing missing values
of maternal age. Moreover, while the performance of MICE (a traditional method) was relatively
comparable to that of MiceForest (a machine learning—based method), the latter demonstrated a clear and
consistent advantage. Finally, the findings suggest that the effectiveness of machine learning—based
imputation techniques is sensitive to both the underlying mechanism and the proportion of missingness.
Conclusion and Discussion

In this study, the performance of various imputation methods for handling missing values in maternal age
within the Persian calendar year Y+ Y (Y+YY-Y.Y¢ Gregorian year) birth registration data was evaluated
under different mechanisms and proportions of missingness. The findings revealed that machine learning—
based approaches, particularly the MissForest algorithm, consistently outperformed traditional methods
in reducing imputation error, as measured by RMSE. Among the traditional methods, Multiple Imputation
by Chained Equations (MICE) also demonstrated favorable performance in many cases, with results
approaching those of machine learning techniques. The evidence suggests that MICE may serve as a
suitable alternative when the implementation of advanced methods is not feasible.

Analysis of method performance in relation to missingness mechanisms and proportions further
indicated that machine learning—based approaches performed particularly well under MNAR with lower
levels of missingness (+,+Y—+,Y2). However, as the proportion of missingness increased, these methods
exhibited superior performance under completely random missingness.

From a practical perspective, this study underscores the importance of selecting an imputation method
based on the type of missingness mechanism, the rate of missingness, and the characteristics of the dataset.
The use of advanced approaches such as MissForest can enhance the accuracy of analyses and ensure
more reliable results.
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