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Abstract

Missing data imputation is a core challenge in socioeconomic surveys, where data is
often longitudinal, hierarchical, high-dimensional, not independent and identically
distributed, and missing under complex mechanisms. Socioeconomic datasets like the
Consumer Pyramids Household Survey (CPHS)—the largest continuous household
survey in India since 2014, covering 174,000 households—highlight the importance
of robust imputation, which can reduce survey costs, preserve statistical power, and
enable timely policy analysis. This paper systematically evaluates these methods
under three missingness mechanisms: missing completely at random (MCAR),
missing at random (MAR), and missing not at random (MNAR), across five
missingness ratios ranging from 10% to 50%. We evaluate imputation performance
on both continuous and categorical variables, assess the impact on downstream tasks,
and compare the computational efficiency of each method. Our results indicate that
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classical machine learning methods such as MissForest and HyperImpute remain
strong baselines with favorable trade-offs between accuracy and efficiency, while deep
learning methods perform better under complex missingness patterns and higher
missingness ratios, but face scalability challenges. We ran experiments on CPHS
and multiple synthetic survey datasets, and found consistent patterns across them.
Our framework aims to provide a reliable benchmark for structured socioeconomic
surveys, and addresses the critical gap in reproducible, domain-specific evaluation
of imputation methods. The open-source code is provided in Appendix

1 Introduction

Missing data is a pervasive challenge in data science and machine learning, especially in real-world
socioeconomic survey datasets (Silva-Ramirez et al) [2015; [Wang et all [2021). Data is often
incomplete due to nonresponse or privacy concerns 2004). Imputation mitigates nonresponse
bias and supports policy evaluation (Chen & Shao, 2000; [Little & Rubin| 2019} [Yang et al. [2024;
|Abdelnaby et al., 2024).

Despite the proliferation of imputation methods, there is a conspicuous lack of benchmarks to
evaluate them on publicly available, large-scale, realistic datasets that capture the complexity of
real-world socioeconomic survey data while allowing controlled introduction of missingness. Most
empirical studies on missing data rely on relatively small datasets—such as the UCI machine
learning repository (Zhang et al., 2025; Du et al., 2024; Miao et al., 2023; Bertsimas et al., 2018b)
or limited clinical datasets (Zheng & Charoenphakdee), 2022)—or on synthetically generated data
with simplistic assumptions (e.g., features drawn from a standard normal distribution) (Sun et al.
. Missingness is often simulated by randomly masking data under MCAR or MAR assumptions,
which fail to reflect complex real-world patterns. In practice, missingness often follows the more
challenging MNAR mechanism, where whether a value is missing depends directly on its unobserved
value. Furthermore, numerous current benchmarks emphasize exclusively the accuracy of imputation,
specifically evaluating the proximity of the imputed values to the actual values, while neglecting
the consequences on downstream tasks (Zhang et al., [2025} |Jarrett et al., 2022; Hastie et all [2015}
Biessmann et al., 2019). In practical applications, the goal of imputation is usually to enable
reliable analysis or predictive modeling; thus, evaluating how different imputation methods affect
the performance of subsequent tasks is crucial.

Although benchmarks exist for imputation on socioeconomic survey data (Wang et al., [2021} |Li et al.|
[2024; [Kalton & Kasprzyk, [1982)), they typically suffer from several limitations, such as excluding
MNAR scenarios, relying on a small set of missingness ratios (Bertsimas et al. [2018b)), and lacking
a systematic evaluation framework. To address these gaps, our work bridges the divide between
restricted real-world data and reproducible experimentation by introducing a comprehensive and
open benchmark for missing data imputation in socioeconomic surveys. To the best of our knowledge,
we are the first to provide a large-scale, publicly shareable benchmark that integrates real, synthetic,
and open socioeconomic datasets under diverse missingness scenarios and systematic evaluation
metrics. Our contributions include the following:

e Evaluations on Real, Synthetic, and Public Datasets: We benchmark imputation
methods on three datasets: the real-world CPHS (Pais & Rawal, 2021)), its high-fidelity




Published in Transactions on Machine Learning Research (02/2026)

synthetic counterpart SynthCPHS, and the publicly shareable SubSDIC derived from the
World Bank’s SDIC.

¢ Comprehensive Missingness Scenarios: We evaluate 14 imputation methods under
three missingness mechanisms (MCAR, MAR, MNAR) and five missingness ratios, offering
a broad and realistic spectrum of evaluation conditions.

e Multi-metric Analysis & Downstream Task Evaluation: In addition to the imputation
accuracy on both continuous and categorical variables, we assess performance on downstream
classification and regression tasks using multiple models to ensure robustness. We also
systematically compare the computational efficiency of each method.

The remainder of this paper is organized as follows. Section 2 reviews related work on benchmark
datasets, imputation methodologies, and synthetic data. Section 3 introduces the datasets used
in our study. Section 4 defines the problem and missingness mechanisms. Section 5 describes our
experimental setup and evaluation protocols. Section 6 presents results and analysis. Finally, Section
7 concludes the paper.

2 Related Work

2.1 Benchmark Datasets for Tabular Imputation

Research on imputation for tabular data often uses small, flat datasets like those from UCI machine
learning repository (Kelly et al.l |2025)). As shown in Table [1} these datasets usually contain a few
thousand to 100k samples with dozens of features, lacking clear hierarchical or temporal dependencies
between variables. Details of these datasets are in Appendix [A74] Even more limiting, most studies
simulate missing data, focusing on simplified MCAR or MAR scenarios with a single missingness
level, which limits generalizability, since real-world data have more complex patterns.

A notable exception is the work of Jager et al.| (2021), who conducted a large-scale benchmark of
imputation methods across 69 heterogeneous datasets from OpenML. Although their study offers
valuable insight into general-purpose imputation performance, the datasets used are not drawn from
the socioeconomic survey domain and lack the hierarchical and longitudinal structures typically
present in national household surveys.

Recently, synthetic data benchmarks (Sun et al., |2023)) have gained traction to test imputation
algorithms under controlled conditions (e.g., varying missing rates or mechanisms); but most synthetic
setups do not capture the complexity of real-world structured data. In particular, few, if any, existing
benchmarks replicate the large-scale, multi-level characteristics of national socioeconomic surveys,
which span millions of entries with state or regional hierarchies and repeated observations over time.

2.2 Imputation Methodologies

Approaches to imputing missing values can be grouped by their modeling philosophy. Statistical
and iterative methods use repeated estimation cycles, including mean or mode filling, and classic
algorithms like MICE (Van Buuren & Groothuis-Oudshoorn), 2011)) and MissForest (Stekhoven &
Bthlmann, 2012) that iteratively train predictors for each feature, as well as matrix-completion
methods like SoftImpute (Hastie et al., |2015). These methods assume linear or low-rank structures
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Table 1: Comparison of our proposed socioeconomic benchmarks against existing datasets commonly
used in imputation literature (cited in 3 studies). Columns De nition: Samples: Total
number of rows; Features: Number of continuous o) and categorical (N5 ) variables; Evaluated
Scenarios: The number of di erent missingness ratios tested under MCAR, MAR, and MNAR
mechanisms; Capabilities: Whether the benchmark supports Train/Test split evaluation, Downstream
task evaluation, and contains hierarchical or longitudinal structures. Unlike standard UCI datasets

(top), our proposed datasets (bottom) capture the complex, structured nature of real-world survey
data.

Dataset Samples  Features  Evaluated Scenarios (N ratios ) Benchmark Capabilities
(N) Ncon Neaa MCAR MAR MNAR Train/Test Downstream Hierarchical Longitudinal
Existing General-Purpose Benchmarks (UCI)
California Housing 20k 9 1 1 1 X
Letter Recognition 20k 16 - 1 1 1 X
Credit Card Clients 30k 14 9 1 1 1 X
Online News 40k 58 1 1 1 X
Concrete Strength 1k 8 4 4 4 -
Wine Quality 5k 11 - 4 4 4
Diabetes Health 20k 7 14 4 4 4
SpamBase 4k 56 - 4 4 4
Proposed Socioeconomic Benchmarks
CPHS (Real) 1.4M 16 8 5 5 5 X X X X
SynthCPHS (Synthetic) im 16 8 5 5 5 X X X X
SubSDIC (Public) 500k 6 12 5 5 5 X X X

and often struggle with complex nonlinear feature interactions. Recent methods such as MIRACLE
(Kyono et al.| 2021) introduce a causally aware regularization that models the missingness mechanism
jointly with the data, encouraging imputations consistent with the underlying causal structure.
Distribution-matching methods align observed and imputed distributions: MOT (Missing-data
Optimal Transport) (Muzellec et al., 2020) formulates imputation as nding the allocation of missing
values that minimizes the optimal transport distance between batches of incomplete data, while
its successor TDM (Transformed Distribution Matching) (Zhao et al., 2023) learns a nonlinear
mapping before applying optimal transport to better capture the data's intrinsic geometry. These
methods achieve state-of-the-art accuracy on many benchmark tasks and are particularly e ective

for in-sample imputation but generalize poorly to new records since they treat missing entries as
learned model parameters.

Deep generative models (VAE (Matteil & Frellsen,2019), GAN (Yoon et al{, 2018), di usion (Zheng &
Charoenphakdee} 2022)) capture joint distributions of observed and missing data. While these models
can capture complex nonlinear dependencies, they often face challenges in estimating distributions
from incomplete data and in performing conditional inference, especially under high missingness. To
overcome these issues, recent methods combine generation with iterative re nement. For example,
Di Puter (Zhang et al., 2025) integrates di usion models into an EM framework, using iterative E-

and M-steps to improve imputation quality.

Hybrid deep learning methods blends machine learning pipelines with automated model selection or
specialized architectures. Hyperimpute (Jarrett et al., 2022) employs an AutoML-style pipeline

that selects the best model for each variable and updates imputations iteratively. Other architectures
leverage advanced designs: DSAN (Lee & Kim, 2023) applies self-attention to learn feature and
sample dependencies via masked reconstruction, while ReMasker (Du et al., 2024) extends masked
autoencoding by re-masking observed entries during training, promoting robustness across di erent
missingness patterns. Deep learning models have demonstrated robust performance on challenging
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imputation tasks, especially when missing rates are high or feature types are heterogeneous (Zhang
et al., 2025).

Some recent studies have empirically evaluated the impute-then-predict pipeline. For example,
Bertsimas et al. (2018a) and Poulos & Valle (2018) proposed frameworks that highlight the importance
of integrating imputation with supervised learning tasks. More recent work by Paterakis et al. (2024)
guestions whether explicit imputation is always necessary in predictive pipelines, particularly within
the context of AutoML. However, our work places equal emphasis on two complementary objectives:
restoring incomplete datasets to reduce the need for costly follow-up surveys, and ensuring robust
performance on downstream tasks.

2.3 Synthetic Data for Imputation

When real-world socioeconomic data is private or lacks ground truth, synthetic data provides
a practical alternative for benchmarking imputation methods. Prior work has used synthetic
simulations to evaluate methods under controlled conditions (Kyono et al., 2021; Sun et al., 2023), but
most rely on simple i.i.d. data or low-dimensional toy settings (Muzellec et al., 2020; Bertsimas et al.,
2024), lacking the structural and statistical complexity of real surveys. National household surveys
like CPHS feature multi-level hierarchies, repeated measurements, and non-random missingness,
but their proprietary nature limits open evaluation. To address this, we introduce a synthetic
benchmark dataset, SynthCPHS, which we design to replicate the structure and distribution of
CPHS. We validate the similarity using the Kolmogorov Smirnov (KS) test and Jensen Shannon
(JS) divergence, and the synthetic construction enables GPU-supported evaluation beyond CPHS's
secure CPU-only server environment. We also present SubSDIC, a public subset derived from
World Bank data (World Bank, 2023), which supports systematic and reproducible benchmarking
in the socioeconomic domain.

3 Datasets

3.1 CPHS & The SynthCPHS Dataset
3.1.1 CPHS

The Consumer Pyramids Household Survey (CPHS) by CMIE is the largest continuous household
survey in India, running since 2014 and covering a panel of over 174,000 sample houses (about
111,000 rural and 63,400 urban) spread across most states in India surveyed thrice yearly (Pais &
Rawal, 2021; Somanchi, 2021). It captures a broad array of household attributes including labor
supply, income, consumption (expenditure on various needs), borrowing, and asset ownership (Pais

& Rawal, 2021). This breadth makes it highly valuable for socioeconomic analysis (Chatterjee &
Dev, 2023; Kathuria & Dev, 2024; Jagannarayan & Prasuna, 2024). In this paper, we select 25
socioeconomic features, as shown in Figure 1). Because some variables were missing in earlier waves,
we restrict the analysis to complete cases from waves 18 30 (each wave is a survey round), preserving
the longitudinal and hierarchical structure and yielding 1,341,651 records.
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Figure 1: Overview of selected features in the CPHS and SynthCPHS datasets. Household-level
(orange) and individual-level (blue) features form a hierarchical structure. The target variable
(green) indicates individual health status for downstream classi cation. The wave number indexes
each survey round, capturing longitudinal structure.

3.1.2 SynthCPHS

As CPHS is proprietary, available only by subscription, and restricted to a secure CPU-only server,
benchmarking is severely constrained, especially for GPU-based imputation. To address this, we
construct SynthCPHS, a synthetic dataset that mirrors the statistical properties and structure
of CPHS but can be used on external GPU systems, enabling full-scale evaluation of imputation
accuracy and e ciency. SynthCPHS includes 1,000,000 records and shares the same feature sets with
the CPHS dataset as shown in Figure 1. The dataset was generated using tteynthpop package in
R (Nowok et al., 2016), a widely used tool to produce arti cial microdata that preserve the statistical
properties of the original survey while protecting individual con dentiality (Nowok et al., 2017). To
support its validity, we compared the marginal and joint distributions of key features in SynthCPHS
and CPHS using the Kolmogorov Smirnov (KS) test and Jensen Shannon (JS) divergence, nding
no signi cant distributional di erences.

3.2 SubsDIC

To ensure reproducibility, we introduce SubSDIC, a public subset dataset derived from the World
Bank's Synthetic Data for an Imaginary Country (SDIC)-a fully synthetic census dataset representing
an imaginary middle-income country. SDIC was generated using REaLTabFormer (Solatorio &
Dupriez, 2023), a deep generative model trained on global household survey data, including IPUMS
International, DHS, and the World Bank Global Consumption Database. SDIC consists of two
at tables for household- and individual-level attributes. We join these tables via household ID,
select 19 mixed-type variables spanning both levels, and randomly sample 500k records from the
full 10 million to construct SubSDIC. We designate the individual's highest educational attainment
(cat_educ_attain ) as the target variable for downstream classi cation and years of schooling
(con_yrs_school ) as the target variable for downstream regression. SubSDIC preserves realistic
socioeconomic frameworks, including hierarchical relationships among households, individuals,
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provinces, and districts, allowing for regulated evaluation of imputation accuracy, e ciency, and
downstream performance across di erent missing data scenarios. Kolmogorov-Smirnov tests and
Jensen-Shannon divergence analysis con rm that SubSDIC closely mimics the marginal distributions
of the original SDIC dataset. Detailed feature descriptions are provided in Appendix A.5.

4 Problem De nition and Missing Mechanism

4.1 Problem De nition

Let X denote the matrix n d that contains the complete data values in the variablesd for all n
units in the sample. De ne the mask variable M as ann d 0-1 matrix indicating whether a data
point of X is observed (1) or missing (0). The elements of X and M are denoted byx; and m; ,
respectively, wherei = 1;::;;n and j = 1;:::;d. We further de ne the partially observed data matrix
as X, and its elements x; , such that

Xij 3 if mij =1

T i my =0

Here; represents an unobserved value. In the missing data imputation problem, the task is imputing
data matrix R from the observed data matrix 8 and make it as similar as possible to the complete
data matrix X.

4.2 Missingness Mechanism

Little & Rubin (2019) nd it helpful to di erentiate between the missingness mechanisms, which
refers to the relationship between the occurrence of missing data and the values of the variables
in the data matrix. The missing mechanism indicates whether the occurrence of missingness is
connected to the underlying values of the variables in the dataset. The importance of missingness
mechanisms lies in the fact that the e ectiveness of data imputation methods is highly in uenced by
the speci ¢ dependencies present in these mechanisms. Therefore, we introduce the three missingness
mechanisms as de ned by Rubin (1976) here. Let X and M be de ned as in Section 4.1. Assume
the rows (x;; m;) are i.i.d. acrossi. The missingness mechanism is speci ed by the conditional
distribution p yx (mM; jX;; ), where denotes unknown parameters.

~ MCAR: If the missingness is independent of the data values, either missing or observed,
this means for alli and any distinct values x;; x; in the sample space of X, the conditional
distributions are equal:

Pvix (MijXi;)=p mx (MijX;;)
where x, serves as a placeholder for a distinct, hypothetical value that could take the place

of x; in the sample space of X.

MAR: Let x ;) represent the observed components ofixand X represent the missing
components of %. A less restrictive assumption than MCAR is that the missingness depends
on x; only through the observed components ¥ . This implies that for any distinct values
X )i T X (0) ) of the missing components within the sample space of ¥ , the probability of
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missingness remains the same. In mathematical terms, the conditional distribution of the
missingness mechanism can be expressed as:

Puix (Mi Xy i Xq@is ) =P mx (Mi]Xe)iXawi;) 1)

MNAR: Unlike the MAR mechanism, where missingness is related to the observed values,

if missingness is dependent on the unobserved values, the mechanism is classi ed as MNAR.
The distribution of m ; depends on the missing components of;xwhich means that equation 1

is not valid for some units i and some values (xg) P X (0) ) of the missing components.

4.3 Missingness Generation

In this study, missing values are synthetically introduced into complete datasets to establish ground-
truth benchmarks. We adapt procedures from the R-miss-tastic platform (Mayer et al., 2019) to
generate missingness under MCAR, MAR, and MNAR mechanisms. Crucially, the generation process
is fully independent for every experimental con guration; a new missingness mask is generated for
each sample dataset.

Missing Completely at Random (MCAR) Missingness is independent of observed and
unobserved data. For each featurg and samplei, the missingness indicatorm;; follows a Bernoulli
distribution P(m 3 =1) = , where is the target proportion.

Missing at Random (MAR) Missingness in feature X  ; depends on other observed features
but not on X itself. We employ a feature-wise logistic model as outlined in Algorithm 1. To
strictly adhere to the MAR assumption, the weight matrix W is constructed with a zero diagonal
(W =0). The in uencing covariates are assigned uniform weights  =1=(d 1) forall k& j in
a d-dimensional dataset, ensuring bias-free dependency on the remaining features.

Missing Not at Random (MNAR) MNAR allows missingness to depend on the feature's own
value. As shown in Algorithm 1, this is achieved by initializing W as an all-ones matrix (retaining
W =1) and normalizing the weights row-wise to = 1=d, thereby allowing the missingness of a
variable to depend on all features, including itself.

Distributional Bias and Extrapolation. The logistic missingness generation mechanism (Algo-

rithm 1) inherently introduces distributional bias by assigning higher missingness probabilities to
extreme values. This simulates tail censoring, aligning with empirical ndings in survey methodol-
ogy where high- and low-income households are signi cantly less likely to disclose earnings (Riphahn
& Sering, 2005; Meyer et al., 2015).

5 Experimental Setup and Evaluation

5.1 Dataset Distribution Comparison

We evaluate how closely the synthetic dataset (SynthCPHS) reproduces the marginal distributions
of the real CPHS across continuous and categorical variables.
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Algorithm 1: Generation of Missing Values under MAR/MNAR Mechanism

Input : Complete Matrix X (n d), Missingness Ratio , Mechanism="MAR" or "MNAR"

Output: Partially Observed Data Matrix X
/I Initialization

R X; w dd 11 > /I Initialize d d matrix with ones

/Il Step 1: Define Dependency Structure

if Mechanism=="MAR" then

W W | d; /I Remove self-gﬁpendency
W Normalize(W; axis = row) ; /I ensure Wik =1
/I Step 2: Generate Missingness
S XwW ~; /I Compute weighted scores (n d)
Z Normalize(S; axis = col) ; /I Standardize scores feature-wise
Determine vector 2 R 9 such that mean( (Z + );axis = col) ;
P (z+); /I Compute probability matrix (n d)

Generate M from Bernoulli distribution with parameter P ; // Mask matrix (1 = Missing)

/I Step 3: Post-proclgssing Safety Check
Find indices | fij jd:1 Mi; =dg; /I Find rows that are fully missing
if 1 is not empty then

L Sample indices k 2 f1;:::;dg" uniformly;

M[I; k] O; /I Ensure at least one observed value per row
R[M] NA; /I Apply final mask to data
return X
" Method for continuous variables: two-sample KS test. Let fxigi, andfy;gZl, be

two i.i.d. samples with empirical CDFs F, and G,. The two-sample Kolmogorov Smirnov

statistic is

Dim = sup Fr(X) G m(Xx) :
X2R

nder the null hypothesis that both samples come from the same continuous distribution,
M D converges in distribution to the Kolmogorov distribution, which yields exact

n+m

or asymptotic p-values (Massey Jr, 1951). In all our results we report the unscaled statistic

Dnm in Eq.(2), denoted as KS in the gures, together with its two-sided p-value.

Method for categorical variables: JS divergence. For two discrete distributions

and Q over the same supportX, the JS divergence is the symmetrised, smoothed version of

the Kullback-Leibler (KL) divergence:
JS(PkQ)= KL P M +iKL QM ;M= (P +Q)

P (x)
Q(x)

P
where KL (PkQ) =  ,,x P(x)log

Schindelin, 2003). We report values in [0; 1] by dividing by log 2.

. JSis always nite, bounded between 0 (identical
distributions) and log2 (basee€), and admits a metric square root (Lin, 2002; Endres &
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5.2 Benchmark Experimental Settings
5.2.1 Missingness Mechanism and Ratio

The e ectiveness of missing data imputation methods is strongly in uenced by factors such as the
missingness mechanism and ratio. To rigorously evaluate imputation methods, we introduce missing
values under 3 missingness mechanisms: MCAR, MAR, and MNAR. The missingness implementation
details are provided in Section 4.3. We create versions of the dataset with missingness ratios of
10%, 20%, 30%, 40%, and 50%. The missingness ratio is calculated as the fraction of all entries
that are masked, and each feature gets roughly the same fraction of its values missing, though in
MAR/MNAR this can vary slightly due to the conditioning. Each missing scenario is generated with

ve samples and then xed, so all methods are evaluated on the exact same missing data patterns
for fairness.

5.2.2 Imputation Methods

We provide a comprehensive benchmark of 14 widely used imputation methods across four categories:
(1) a statistical baseline Mean/Mode imputation; (2) distribution-matching methods such as MOT
(Muzellec et al., 2020), which uses optimal transport to align observed and imputed distributions;
(3) iterative machine learning methods including MICE (Van Buuren & Groothuis-Oudshoorn,
2011), MIRACLE (Kyono et al., 2021), Softimpute (Hastie et al., 2015), and MissForest
(Stekhoven & Buhlmann, 2012); and (4) deep generative models MIWAE (VAE) (Mattei &
Frellsen, 2019), GAIN (GAN) (Yoon et al., 2018), DSAN (self-attention) (Lee & Kim, 2023), and
TabCSDI (di usion) (Zheng & Charoenphakdee, 2022). We also include three recent state-of-the-art
approaches: ReMasker (Du et al., 2024), Hyperimputer (Jarrett et al., 2022), and Di Puter
(Zhang et al., 2025), along with a DSAN variant (DSN) without attention to assess its contribution.
Implementation details and hyperparameters are in Appendix A.8.

5.2.3 Imputation Performance

For each dataset with missingness, 80% of samples are used for training and 20% for testing.
All methods are trained on the training set and then used to impute both in-sample and out-of-
sample data. Imputation performance is measured using RMSE for continuous and F1 score for
categorical variables to provide a balanced evaluation given class imbalance. The RMSE is computed
on standardized inputs (zero mean, unit variance) based on training-set statistics, and accuracy for
categorical variables is also reported as a supplementary metric.

5.2.4 Downstream Task Performance

To robustly assess the downstream impact of imputation, we test two task types: classi cation and
regression. For classi cation, all three datasets are evaluated with Logistic Regression, Random
Forest (RF), XGBoost and LightGBM models; for regression, only SubSDIC is used, with Linear
Regression, Random Forest (RF), XGBoost and LightGBM models. Using multiple models reduces
model-speci ¢ bias. Models are trained on complete training data and evaluated on imputed test
sets. For classi cation, we report the ROC-AUC degradation the drop in ROC-AUC from

the fully observed test set as the main metric, while accuracy is provided in the supplement.
For regression, we report the RMSE increase, the percentage rise in RMSE relative to the fully

10
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observed test set. Smaller ROC-AUC degradation or RMSE increase indicates better imputation
quality and stronger preservation of predictive signal.

5.2.5 Runtime and E ciency

To provide practical insight for real-world deployment under resource constraints, we report the total
wall-clock time for each method, including both training and imputation. For iterative algorithms
such as MICE and MissForest, time covers all iterations; for deep learning models, it includes all
training epochs. Appendix A.3 details the experimental setup. Each experiment is repeated ve
times, and we report mean values and standard deviations as nal metrics.

5.3 Ranking Consistency
5.3.1 Across Datasets

We assess cross-dataset performance consistency using Kendall's coe cient of concordantkeas
described by Abdi (2007), computed over the 13 methods common to all datasets. Although the full
benchmark includes 14 methods, Di Puter could not be executed on the proprietary CPHS dataset
hosted on a CPU-only server and is therefore excluded from the congstency analysis. Frrdatasets
and N methods, letR; be the rank of methodi on datasetj, R; = J-kzl Rj the aggregate rank,

andR= N1 Then

13 X — 2

W = 7k2(N3 N) R;j R ™ (4)

i=1

W 2 [0; 1] (0O = no agreement; 1 = perfect concordance). Fork > 2, k(N  1)W is asymptotically
2 | under independence (Abdi, 2007). In our study,k = 3 datasets and N = 13 methods. We

use common thresholds: strong\(V > 0:70), moderate (050 W 0:70), and weak W < 0:50)

agreement (De Maere et al., 2022).

5.3.2 Across Downstream Task Models

To quantify the ranking consistency of imputation methods' rankings across di erent downstream
models, we employ Kendall's coe cient of concordanceW, de ned in Eq. 4. This metric enables us
to assess whether the relative ordering of imputation methods remains stable across downstream
tasks and model families, independent of the absolute performance values.

6 Results and Analysis

This section begins with distribution comparison results. We then present a multi-metric benchmark
of 14 imputation methods, covering imputation performance, downstream task performance, and
computational e ciency. In all gures, the numbers after method names in the legend indicate
the average rank of that metric across missingness ratios (shown for the top nine methods only).
Full hyperparameter settings and complete results for all datasets and metrics are provided in
Appendix A.8 and in the supplementary material. Finally, we quantify the performance consistency
between datasets using the Kendall coe cient of concordance computed on the 13 methods available
on all datasets.

11
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6.1 Distribution Comparison Results

Figure 2: Empirical CDF comparison between CPHS (red) and SynthCPHS (blue) for four represen-
tative continuous variables. The double-headed arrow indicates the KS gap P .

Continuous variables (KS). For each variable we compute the two-sample KS statistic
Dnm in EQ.(2), comparing CPHS and SynthCPHS. The KS values displayed in Fig. 2 are
exactly this maximum CDF gap D, . In most casesDym < 10° and the correspond-
ing two-sided p-values are close to 1, providing no evidence against the null of identical
distributions.

Categorical variables (JS). For each categorical variable we compute the normalized

JS divergence, de ned aslSgy = JS,(O'ZKZO) , where JS(PkQ) is de ned in Eq.(3) and we
simply rescale it to [0; 1]. Across all examined variablesJSy.1; = 0 (to numerical precision),
indicating identical empirical distributions between CPHS and SynthCPHS; therefore, we

omit plots.

Detailed per-variable values for both continuous and categorical features are provided in the
supplementary material.

6.2 Imputation Performance

Figures 3 and 4 compare in-sample and out-of-sample performance across methods for continuous
(RMSE) and categorical (F1 score) variables, respectively. We observe four key ndings:

12
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Figure 3: Continuous variable imputation performance. Top row: in-sample; bottom row: out-of-
sample. Lower RMSE is better. MIRACLE and MOT are omitted due to excessively high RMSE.
Legend entries show in-sample/out-of-sample ranks ( rst/second number).

Figure 4: Categorical variable imputation performance. Top row: in-sample; bottom row: out-of-
sample. Higher F1 is better. MIRACLE in-sample points are missing at some missingness ratios
due to failure. Legend entries show in-sample/out-of-sample ranks ( rst/second number).
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Missingness Mechanism Impact. MCAR yields lower error (lower RMSE and higher

F1) than MAR or MNAR, re ecting the challenge of imputing structured missingness. For
MAR and MNAR, RMSE does not always increase with higher missingness ratios as one
might typically expect.

Speci cally, for methods like Mean, Softimpute, and MIWAE, RMSE decreases as missing-
ness increases. As detailed in Appendix A.6, we empirically veri ed that this is due to
the dilution of extreme values inherent in the logistic missingness generation mechanism
(Algorithm 1): at low missingness ratios (e.g., 10%), the mechanism selectively masks
outliers (which are highly erroneous to impute with the mean); however, at high ratios (e.g.,
50%), the missing set expands to include many data points near the global mean, thereby
reducing the average RMSE.

In contrast, F1 scores for categorical data typically exhibit two trends: either remaining
nearly constant, indicating a failure to learn patterns, or decreasing linearly. An exception is
observed in DSAN and its variant DSN, where F1 scores drop sharply under high missingness,
suggesting instability in such settings.

Method Comparison. For continuous variables (Figure 3), MissForest typically
performs best at low missingness ratios (e.g., 10%) but its performance steadily declines as
the missingness ratio increases. In contrast, deep learning methods such as ReMasker, DSAN,
and DSN outperform MissForest under MCAR, MAR, and MNAR when the missingness
ratio is high. For categorical variables (Figure 4), MissForest continues to outperform

other models at low missingness ratios regardless of the missingness mechanism. However,
as the missingness increases, ReMasker and Di Puter begin to achieve the highest F1 scores.
DSAN and DSN, while strong performers for continuous variables, show noticeably worse
performance on categorical data, with F1 scores degrading signi cantly as missingness
increases. In summary, MissForest is highly sensitive to the missingness ratio rather than
to the type of missingness or variable; it is among the top performers under low missingness
(up to 20%), but deep learning methods often become more e ective as missingness becomes
more severe.

Self-Attention Analysis. As shown in Figures 3 and 4, DSN outperforms DSAN in average
ranking across most cases, suggesting limited bene t from the self-attention mechanism.
In particular, as shown in Figure 3, while DSAN achieves the best in-sample performance
for continuous imputation, DSN outperforms it on average in out-of-sample evaluations,
indicating that the attention layer in DSAN introduces a higher risk of over tting compared

to DSN, a phenomenon also observed in a previous study by Dehimi & Tolba (2024).

Over tting Assessment. Out-of-sample RMSE and F1 scores closely match in-sample
results, indicating minimal over tting for most methods.

Failure Analysis: MIRACLE and MOT. A notable observation in our benchmark is the
instability and high error rates of MIRACLE and MOT. We attribute these failures to three key
factors:

MOT: Sinkhorn Instability and Geometric Mismatch. MOT relies on Sinkhorn
iterations to approximate Wasserstein distances. This approach is known to su er from
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