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ARTICLE INFO ABSTRACT

Dataset link: https://github.com/Tan-jianbin/M Objectives: We propose a novel imputation method tailored for Electronic Health Records (EHRs) with
acomss structured and sporadic missingness. Such missingness frequently arises in the integration of heterogeneous
Keywords: EHR datasets for downstream clinical applications. By addressing these gaps, our method provides a practical
Clinical prediction solution for integrated analysis, enhancing data utility and advancing the understanding of population health.
Electronic health records Materials and Methods: We begin by demonstrating structured and sporadic missing mechanisms in the
Heterogeneity integrated analysis of EHR data. Following this, we introduce a novel imputation framework, Macowss, specif-
Matrix completion ically designed to handle structurally and heterogeneously occurring missing data. We establish theoretical
Population health guarantees for Macowmss, ensuring its robustness in preserving the integrity and reliability of integrated analyses.

To assess its empirical performance, we conduct extensive simulation studies that replicate the complex
missingness patterns observed in real-world EHR systems, complemented by validation using EHR datasets
from the Duke University Health System (DUHS).

Results: Simulation studies show that our approach consistently outperforms existing imputation methods.
Using datasets from three hospitals within DUHS, Macowmss achieves the lowest imputation errors for missing
data in most cases and provides superior or comparable downstream prediction performance compared to
benchmark methods.

Discussion: The proposed method effectively addresses critical missingness patterns that arise in the integrated
analysis of EHR datasets, enhancing the robustness and generalizability of clinical predictions.

Conclusions: We provide a theoretically guaranteed and practically meaningful method for imputing struc-
tured and sporadic missing data, enabling accurate and reliable integrated analysis across multiple EHR
datasets. The proposed approach holds significant potential for advancing research in population health.

1. Background and significance also limit data utility, opening new opportunities to develop advanced
methods for integrated analysis of EHR data.

Electronic Health Records (EHRs) have become a cornerstone of When integrating datasets from multiple sources, structured and
modern healthcare, offering rich, multidimensional data that support sporadic missingness are two common missing mechanisms that are
clinical decision-making, advance scientific research, and guide health often encountered in EHR analysis. Structured missingness typically
policy development [1-9]. With the widespread adoption of EHR sys- results from the fact that different data sources are collected from

tems, the volume and diversity of collected data have grown sig-
nificantly [10,11], creating great potential for integrated analyses to
deepen our understanding of population health. Yet, due to the in-
tricate nature of healthcare delivery and data collection practices, we
inevitably encounter challenges related to missing data [3,6,10,12-15].
These gaps not only hinder the ability to derive accurate insights but

distinct patient populations. For example, due to resource constraints
or disease-specific clinical workflows, not all tests or procedures are
performed and recorded uniformly across data sources [12,13,16]. This
often leads to systematic gaps and misalignment when integrating data
into a unified structure. In addition, disparities in data accessibility
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across organizations—driven by factors such as privacy regulations,
institutional policies, or differences in technological infrastructure [17—
19]—may further contribute to such structured gaps in the integrated
analysis.

Sporadic missingness, by contrast, often arises from incomplete
documentation, technical malfunctions, or missing responses to sur-
veys [13,16,20]. This type of missingness may occur randomly, with
mechanisms that vary not only across datasets but also within a single
dataset. The coexistence of structured and sporadic missingness poses
significant challenges for EHR data analysis; these difficulties may
be further compounded by the heterogeneous nature of data across
healthcare systems. These challenges highlight the need for advanced
imputation methods capable of accommodating diverse missingness
patterns in integrated analyses.

Recently, various imputation methods have been developed to ad-
dress missing data in EHR datasets, ranging from traditional statistical
techniques to advanced machine learning approaches. Classical meth-
ods, such as mean imputation [21] or regression imputation [22,23],
are straightforward but often struggle to handle the complexity of
missingness in EHR data. Machine learning-based techniques, such as
random forests, K-NN, principal component analysis, support vector
machines, matrix factorization, and deep learning imputation meth-
ods [3,6,12,24-32], have shown promise in imputing missing data by
leveraging the richness of available information. However, these ap-
proaches usually require that data are missing at random or uniformly
distributed across the dataset. This assumption may not be reasonable
and is often violated in EHR data [3,13,20,33], making such methods
less effective in addressing the distinct mechanisms of structured and
sporadic missingness.

Statement of Significance
Category
Problem or Issue

Summary

Electronic Health Records (EHRs) often
contain both structured and sporadic
missing data, especially when integrating
datasets from multiple sources.

Existing imputation methods are not
well-suited to handle the complex,
heterogeneous missingness patterns
common in integrated EHR analyses.
What this Paper This paper introduces MACOMSS, a novel
Adds imputation framework with theoretical
guarantees that effectively addresses both
structured and sporadic missingness,
outperforming current methods in both
simulation and real-world EHR datasets.
Researchers and practitioners in clinical
from the new informatics, biostatistics, and public
knowledge in this health working with multi-source EHR
paper data.

What is Already
Known

Who would benefit

2. Objective

In this article, we propose a novel data imputation method tailored
for datasets with structured and sporadic missingness, paving the way
for integrating multiple EHR datasets for their downstream tasks in clin-
ical analysis. Our goal is to develop a robust and theoretically grounded
approach that effectively mitigates both systematic and randomly oc-
curring gaps in integrated analysis. By addressing these complexities,
we improve the completeness and accuracy of EHR datasets, support-
ing more precise clinical insights and population health research. A
flowchart illustrating our objective is presented in Fig. 1.
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3. Materials and methods

In this section, we present a detailed procedure for data imputation
of structured and sporadic missingness. We begin with basic notations
and definitions that will be used throughout the paper. For any two
real numbers a and b, we note a A b and a vV b as the minimum and
the maximum of a and b, respectively. Denote || - || and || - || as the
Frobenius and spectral norm of a matrix; their definitions are given in
Part A in Supplementary Materials.

3.1. Matrix completion with structured and sporadic missing data

We particularly focus on the following setting in this paper. For a
high-dimensional low-rank matrix A € RP1*?2, we observe its m; rows
and m, columns with noise and possible missing values. Specifically, let
Y = A + Z € RP1*P2 represent the potential noisy observations without
missingness, and Z € R”1*”2 denote the noise. To analyze the missing-
ness, we introduce M € RP1*P2 as the indicator for observable/missing
entries:

Y;is observed ifM,; = 1; Y;;is missing ifM;; = 0.

Without loss of generality, we permute the structurally missing
block to the bottom right corner, and Y and M can be written in the
following block form:

my Dy —my ny Dy —my
Y = [Ym) Yz ] m M= [Mm) My ] m
Y(21) Yo pp—m M<21> M<22> py—m
(€]

The block Y,,,, is unobserved, so all entries of M ,,, are zero. Moreover,
entrywise missingness might exist in ¥{;y), ¥(j5), and Y(,), meaning that
a subset of the entries in My, M(j,), and My, are zero. To model
the sporadic missingness, we assume that each entry in the observable
rows and columns is missing independently according to a probability
matrix ©. In other words, M;; ~ Bernoulli(;;) for i, j corresponding to
the entries of M}y, M(15), M(3))-

Here, the rows of Y usually represent patients from multiple EHR
systems, while the columns indicate the observed clinical features of
the patients. The unobserved block Y,,, may arise when the observed
entries in each row are misaligned. This misalignment often occurs in
EHR integrated analysis, where the observed clinical features may differ
across different sources of datasets [12,13,16].

The block-structured missingness in 1 introduces significant chal-
lenges in estimating the latent probability matrix ©. To address this
difficulty, we focus on the case of a rank-one probability matrix,
i.e., rank(®) = 1. The rank-one missingness model has been widely
studied in the matrix completion literature (see, e.g., [34-36]), which
allows the sporadic missingness in Y to occur heterogeneously across
patients, clinical features, and data sources. This assumption offers
a parsimonious structure and facilitates both algorithmic design and
theoretical analysis, but it does not need to be strictly satisfied in
practice for the methods to perform well (see Section 3.3.3 for a
demonstration).

Our goal is to recover A in an unsupervised manner from the
available observations Y;; for those (i, j) pairs where M;; = 1, consid-
ering both the structured and sporadic missingness mechanisms in the
data. Clearly, such a task is impossible in general without further as-
sumptions. Motivated by applications in matrix completion, we assume
the original matrix A is low-rank (or nearly low-rank), which enables
our method to impute missing values by leveraging low-dimensional
shared structure. We postpone more detailed discussions on technical
conditions to Part A in Supplementary Materials.
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Fig. 1. An illustration of the objective of this article.
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3.2. Algorithm

The proposed algorithm for matrix completion with structured and
sporadic missing values consists of five steps and two key components:
a spectral method for imputing sporadic missingness and denoising
(Steps 1 and 2), and a structured matrix completion method for imput-
ing structured missingness (Steps 3, 4, and 5). The central ideas behind
Steps 1 and 2 are mean matching for aligning the observations and
parameters, and singular value decomposition for extracting low-rank
structures from missing entries and noise. Steps 3, 4, and 5 rely on a
simple yet powerful algebraic fact—the Schur complement. Below, we
outline the five steps for estimating the noiseless matrix A in detail:

Step 1. (Estimation of Missingness Parameter ©) Without loss of gen-
erality, we permute the structurally missing block to the bottom
right corner and assume that Y and M are written in the block
structure form 1. In this step, we estimate the missingness pa-
rameters, denoted by 6;;, for all observable rows and columns.
Given the assumption that the parameter matrix © is rank-one,
Lemma 1 in Supplementary Materials indicates that each entry
of @ can be represented as the product of corresponding row
and column sums divided by the total sum of the entries in ©
(e, 6 = (X)_, 6, f/z=1 6,;)/(X 1 ©y;1). Notice that the
expectation of M;; is 0;; (i.e., EM;; = 0,;), we estimate 0;; by
computing the corresponding products of the row and column
sums of M, normalized by the overall sum of the entries in M.

Step 2. (Imputation of Missing Values) We begin by filling all miss-
ing entries of the original data matrix Y with zeros. Subse-
quently, we normalize each observed entry by dividing it by
the corresponding estimated missingness parameter from Step 1
(i.e., Y, ;=Y /6, ;). This procedure yields a normalized matrix
Y, which removes biases introduced by missing observations. We
then partition the normalized data matrix into four sub-blocks
following 1, denoted by Yy}, Y12, Y21y, and ¥(5,. Notably, all
entries of ¥, are zeros.

Step 3. (Rotation of Y.}y, ¥;,.)) Notice that ¥, ¥,,), and ¥, are noise
observations of the low-rank matrix A ), A2, and Apy;), we
propose to apply the spectral method on ¥ to extract the under-
lying low-rank structure. Specifically, we calculate the singular

value decomposition for

YD = [% .Y(”)] , and YTV = (pp = 2my) A0 Yoy Yo
Yo by
The resulting singular vectors provide rotation matrices for the
observable blocks ¥, Y(,), and ¥, obtaining the rotated ma-
trices B(yy), B(12), Bpy)- After the rotations, the significant com-
ponents hidden in Y are moved to the front ranking rows and
columns in By, B(j2), and By)).

Step 4. (Trimming and Rank Determination) In this step we aim at
trimming B(;;), Bjz), and B, to low-rank blocks, where the
specific rank 7 needs to be estimated. To do this, we itera-
tively estimate an appropriate rank for truncation, starting from
an initial upper bound and decreasing sequentially. The opti-
mal rank choice satisfies certain stability conditions involving
bounds based on the dimensions of observable and missing data,
as discussed in Part A in Supplementary Materials.

Step 5. (Assembling and Imputation) In the final step, we treat A as
a rank-# matrix and reconstruct A by combining the trimmed
blocks By, B, B21) using rotations obtained in Step 3.

By combining the steps described above, our procedure can be
implemented as outlined in Algorithm 1 in Supplementary Materi-
als, referred to as Matrix completion with Missing Structurally and
Sporadically (Macowmss). Unlike conventional machine-learning-based
imputation methods [3,6,12,24,25,29,31], Macowmss is tuning-free and
straightforward to implement. In addition, the proposed approach ef-
fectively accounts for structured and sporadic missing mechanisms dur-
ing imputation and incorporates a denoising process for the observed
data. In contrast, the existing imputation methods often overlook such
complex missing mechanisms and incorporate noise from the obser-
vations into imputation processes. This can lead to inaccuracies when
the data exhibits structured and sporadic missingness and are observed
with relatively high noise.

In practice, we may encounter both continuous and categorical
variables simultaneously in matrix completion tasks. For this setting,
Macouwss is applicable to both types of variables based on a sub-Gaussian
framework (see Part A of the Supplementary Materials), which encom-
passes a broad class of continuous or discrete distributions such as
Gaussian, uniform, Bernoulli, Binomial, Hypergeometric, and bounded
discrete uniform distributions [37]. Certain unbounded distributions,
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such as Poisson, may also exhibit sub-Gaussian behavior under appro-
priate conditions or after a log transformation. Due to this, we always
apply a logarithmic transformation to count data before imputation.

Under the sub-Gaussian framework, we analyze the statistical lower
and upper bounds of Macowmss for estimating the latent matrix A from
the observed data Y;;s. These results not only highlight the theoretical
optimality of Macowmss in preserving the data integrity.

3.3. Validation

3.3.1. Simulations for matrix recovery

We first consider the recovery performance of Macowmss under var-
ious values of m; and m,, which represent the number of observable
rows and columns, respectively. Particularly, we fix p;, = p, = 300,
r = 3, and generate A = UV, where U € R’"*" and V € RP2X" are
uniformly random orthogonal matrices. We then uniformly randomly
select m; rows and m, columns for observation with missing values
under the following settings:

1. We vary m; and m, among {10, 20, ..., 100}. The missing parame-
ter O is constructed as a rank-1 matrix: © = af', where a € R”1,
a; ~ 1 —0.05- Unif[0, 1], and p € R?2, g; ~ 1 —0.05 - Unif[0, 1].
Finally, we corrupt each observation with i.i.d. Gaussian noise
asin Y = A+ Z, and introduce sporadic missingness to Y based
on the probability matrix M. Here, the variance of the entries in
Z is given as ¢ = 0.3 - ||A||F/\/m, and M is sampled from
Bernoulli distributions with the missing probability being the
entries in . Such a setting mimics the real data situation in
EHR datasets, where a small portion of sporadic missingness and
observational noise typically exist.

2. We consider another setting for investigating the influence of
the noise ¢ and the missingness © on the recovery performance.
Specifically, we fix m; = m, = 50, and A to be generated
in the same way as the previous setting. We let ¢ vary from
0.2 l|Allg/ /P> to 2+ |All/+/p1p; and set © = a - BT, where
a € R, p € R, and a;, f; i Unif[1 — 5, 1], with 5 varying from
0 to 0.25. A larger 5 indicates a higher missing probability.

All experiments in the above settings are repeated for 1000 times.
Based on the observable entries from (Y, M), we apply Algorithm 1 in
Supplementary Materials to obtain estimates A. We utilize the average
Frobenius and spectral norm loss of recovery to evaluate the accuracy
of A for estimating A.

3.3.2. Simulations for downstream tasks

Next, we evaluate the performance of Macowmss for downstream tasks
after matrix completion. Specifically, we focus on logistic regressions
on the dataset (X, Z), where X € R™? contains the observations of
n samples with p features as predictors, and Z € R" represents the
binary responses. Here, n represents the number of patients, p denotes
the number of clinical features for patients, Z contains binary outcomes
of patients, and X is the predictor matrix, including observed values of
clinical features from patients. To mimic the setting in real-world EHR
datasets, we suppose that the matrix X presents with both structured
and sporadic missing entries and is observed with noise. Our objective
is to impute the missing values of X and denoise X, and then use the
recovered matrix to predict the response Z.

For data generation, we first sample the matrix X and then generate
the response Z using a logistic model; see Section E.2 in Supplementary
Materials for details. To introduce sporadic missingness, we generate
the observed values of X according to a rank-1 missing probability
matrix O, similar to those in Section 3.3.1. Specifically, © is constructed
using © = af", where « € R" and f € R”. Each element of « and § is
independently drawn from 1 — 0.1 - Unif[0, 1]. Given the matrix 0, we
then generate the label M;; by M;; ~ Bernoulli(@;;), where 6;; is the
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(i, j)-th element in 6. If M, =1, we then observe the (i, j)-th element
of X.

Furthermore, we introduce a structured missing mechanism in the
predictor matrix X under the two scenarios:

- In scenario 1, we evaluate different row numbers, n, and assume
that the intersection of the final 60% of rows and the last 45
columns is completely missing, while the rest is observable with
sporadic missingness.

In scenario 2, we instead evaluate different column numbers, p,
and suppose that the intersection of the final 45 rows and the last
60% of columns is entirely missing, with the remaining entries
observable with sporadic missingness.

These two scenarios correspond to cases where the missing block en-
larges with the number of rows (patients) or columns (clinical features).

Finally, for each observed entry of X, we add Gaussian noise
Gau(0, 6), where ¢ is set as SNR x ”X’L‘: , with SNR denoting the signal-
to-noise ratio. The contaminated and incomplete observations of X,
together with the responses Z generated by the noiseless predictor
matrix X, are then used for estimation.

We compare Macowmss with several existing data imputation meth-
ods, abbreviated as PMM, BLR, RS, CART, K-NN, VAE, and VAA, where
the first five methods are implemented using the R package MICE [22].
Specifically, Predictive Mean Matching [PMM;23] is a regression-based
method that provides imputed values by predicting them through
regression. Bayesian Linear Regression [BLR;22] is another regression-
based method that incorporates parameter uncertainty using prior dis-
tributions. Random Sampling (RS) imputes missing values by randomly
selecting from observed values within the same feature. Classification
and Regression Trees [CART;38] use a machine learning technique
that partitions the data into subsets and imputes missing values by
learning from these partitions. K-Nearest Neighbors [K-NN;39] is an-
other machine learning approach that imputes data using the similarity
between data points. In addition, Variational Autoencoders [VAE;26]
are deep generative models that learn a latent representation of the
data and reconstruct missing values by sampling from this latent space.
Variational neighborhood-aware autoencoders [VAA;30] extend VAE
by coupling a latent generative model with a K-NN, locality-driven
imputation step.

We apply the above methods to impute the missing data in X
based on its observed entries. In addition, we employ Macowmss for
imputation and denoising of X. Following this, we implement a logistic
regression between Z and the imputed matrix of X, utilizing elastic net
regularization [40] via the R package glmnet [41].

To evaluate the matrix recovery performance of each method, we
calculate the normalized mean squared errors (NMSE) for the missing
entries of X:

”Xmiss - Xmiss”2
”Xmiss”2

Here, X ;s and X, are vectors of the true and estimated values for
the missing entries. In addition, we calculate the area under the ROC
curve [42], denoted as AUC, to evaluate predictive performances of
classification, where the classification function is estimated from the
imputed predictor matrix and the responses Z using logistic regres-
sions. For each setting, we replicate 100 simulations to calculate the
NMSE and AUC. In calculating AUC, we also include a complete-data
benchmark method where the classification function is estimated from
the logistic regression of Z onto the true predictor matrix X.

NMSEy, =

3.3.3. Experiments in real datasets

We evaluate the performance of Macowmss using EHR data collected
from the Duke University Health System (DUHS), accessed through the
Duke Clinical Research Datamart (CRDM) [43]. The dataset integrates
EHR data from three hospitals, each treated as an isolated site: Duke
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Raleigh Hospital (DRAH) as site 1, Duke Regional Hospital (DRH)
as site 2, and Duke University Hospital (DUH) as site 3. Our study
focuses on all emergency department (ED) visits and records clinical
features of patients across three sites in 2019. To mimic the missing
mechanism present in integrated analysis, we first introduce structured
and sporadic missingness to the clinical data from different sources
under various settings. After that, we apply imputation methods to fill
in the missing values and employ the imputed data to predict whether
a visit will result in inpatient admission—a classification task on the
integrated EHR datasets.

For the classification, the predictors include four categories: (1) De-
mographics information: age and sex; (2) Vital signs: pulse (beats/min),
systolic blood pressure (SBP; mm Hg), diastolic blood pressure (DBP;
mm Hg), oxygen saturation (SpO,; %), temperature (°F), respiration
(times/min), and acuity level; (3) Comorbidities: indicators of local
tumor, metastatic tumor, diabetes with complications, diabetes with-
out complications, and renal disease, for a patient. Comorbidities are
defined based on the ICD-10-CM Diagnosis Code; (4) PheCodes: in
addition to known comorbidities, all other ICD-10-CM Diagnosis Codes
were aggregated into PheCodes to represent more general diagnoses
using the ICD-to-PheCode mapping from PheWAS catalog (https://
phewascatalog.org/phecodes). We utilized one-digit level PheCodes in
the analysis. Given the low incidence rate of the response outcome,
we down-sample the data by one-third for cases with outcome O at
each site. For the final cohort, we include only samples without any
initial missingness to facilitate the design of different missing data
mechanisms and evaluate imputation performance accurately.

To implement our experiment, we collect 438 predictors from
126,579 visits, coupled with observed indicators of whether a visit will
result in inpatient admission as responses. To generate target datasets,
we first sample 400 visits and p predictors from the three sources of
collected data, forming a 400 x p matrix, where p will vary across
different values. For each visit, we always include the predictors related
to demographics information, vital signs, and comorbidities, including
a total of 13 features. The remaining (p — 13) features are randomly
sampled from the predictors in PheCodes. Accordingly, we perform a
log transformation and standardization on the 400x p matrix, and divide
the 400 visits (including both the predictors and inpatient admission
for the visit) into ten folds. We use nine folds as the training set and
check the accuracy of classification on the remaining testing fold. We
then output the averaged cross-validated classification accuracy for the
400 visits. To ensure the generalizability of our results, we repeat the
above process multiple times for other randomly sampled 400 visits
and p predictors.

In the training dataset above, we introduce missing values into the
360 x p matrix X using a sporadic missing mechanism. To be more
general, we consider a non-rank-one missing matrix to explore more
complicated sporadic missing mechanisms. Specifically, the missing
probability matrix O is constructed as © = an=1 Am@, B + €9, Where
a, € R 5 e R, 4, = 05D and g, € R¥*™? is a matrix
containing mean-zero Gaussian noise variables with standard deviation
% ”anzl A ﬁ;” /4/360p. Each element of «,, and $,, is independently
drawn from 1 — 0.2 - Unif[0, 1]. Given the matrix ©, we then generate
the label M;; by M;; ~ Bernoulli(@;;), where 6;; is the (i, j)-th element
in ©. If M;; =0, we set the (i, j)-th element of X as missing.

Additionally, we introduce structured missingness by removing ob-
served values in /% of the rows and columns. The missing rows are
randomly sampled from the 360 visits, while the missing columns
always include important predictors related to emergency hospital
admission, including demographic information, vital signs, and co-
morbidities [44-46]. The remaining missing columns are randomly
sampled from the predictors of PheCodes. We evaluate different values
of p and / to examine cases with varying numbers of clinical features
and missing proportions.
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We apply Macowmss to impute the incomplete matrix. To evaluate
accuracies, we utilize the imputed matrices to perform logistic re-
gressions on their responses, as described in Section 3.3.2. We then
output the completion errors, defined by the normalized mean squared
errors (NMSEs) between the imputed values and their true observed
values, with their corresponding AUC values calculated from the testing
dataset, as defined in Section 3.3.2.

4. Results
4.1. Results for recovery accuracy

Under the simulation settings 1-2 in Section 3.3.1, we present the
average Frobenius and spectral norm loss of recovery in Fig. 2, where
we vary the values of m;, m,, n, and ¢ to examine the theoretical
properties and empirical performance of Macowmss.

By Figs. 2, it can be seen that as m;,m, grow or o,n decrease,
i.e., more rows and columns of A are available or the entries of A
are observed with a lower noise and fewer sporadic missing values, we
achieve better recovery performance using Macowmss. These results align
with the theoretical analysis in Supplementary Materials, demonstrat-
ing the stable performance of the proposed algorithm across all values
of m;, m,, 6, and 7.

In Figures 1-2 of the Supplementary Materials, we further examine
the performance of Macowmss for non-low-rank and Poisson count matri-
ces. The results show that our method is effective for both nearly low-
rank and Poisson count matrix cases, demonstrating the applicability
of Macowmss.

4.2. Results for downstream tasks

In this subsection, we examine the performance of Macowmss for the
downstream classification tasks under scenarios 1 - 2 in Section 3.3.2,
compared with the existing imputation methods listed in that subsec-
tion.

We first consider scenario 1, with the number of rows, n, ranging
from 100 to 1000, and the number of columns, p, fixed at 70. The
corresponding NMSEs and AUCs are shown in Fig. 3. In Fig. 3(A), we
observe that Macowmss consistently outperforms other methods, achiev-
ing smaller NMSEs across all values of n and SNR. Moreover, the
performance gap between Macowmss and the other competing methods
widens as SNR decreases, since the latter do not denoise the observed
entries. As a result, our method yields more high AUC values, indicating
more accurate estimates of regression coefficients and better classifica-
tion accuracy for the downstream classification task. These advantages
become more pronounced as the noise level increases of the data (see
Panel (B) of Fig. 3).

Moreover, we consider the high-dimensional setting under scenario
2, where the number of rows, n, is fixed at 70, and the number of
columns, p, varies from 100 to 200. The corresponding NMSEs and
AUGCs are presented in Fig. 4. In these cases, we similarly observe that
Macowmss outperforms other methods in terms of NMSE and AUC.

In both scenarios 1 and 2, we find that the AUCs of Macowmss are
close to that of the complete-data case (Panel (B) in Figs. 3—4), whether
we have a large missing block with the increased number of rows
(patients) or columns (clinical features). These results indicate that
Macowmss achieves nearly optimal performance in the predictive task
using the imputed matrix, owing to its consideration of flexible sporadic
and structural missingness mechanisms for data imputation.

4.3. Results for real EHR datasets

Before performing analysis, we examine the validity of the low-
rank assumption for the EHR dataset in Part E.3 of the Supplementary
Materials. Our results show that the data matrix are nearly low-rank,
which fulfills the requirement of Macowmss. Using these EHR datasets, we
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Fig. 2. (A): Average Frobenius and spectral norm loss for Macowmss with varying number of observable rows and columns: m;, m, € [10, 100]. (B): Average Frobenius

and spectral norm loss for Macowmss for varying © and o.

conduct experiments with different values of p and / under the setting
described in Section 3.3.3. In these experiments, we randomly sample
400 patients and p clinical features with a missing block controlled
by I, repeated 50 times. We apply Macowmss to impute these matrices
for downstream classification tasks, where the classification accuracy is
measured by AUC in testing sets. For comparison, we compute the AUC
for logistic regressions using the complete predictor matrix, serving as
the complete-data method for classification performance. To examine
the impact of block missingness, we also report the AUC obtained by
removing clinical features with structural missingness — a conventional
approach that disregards structural patterns in downstream tasks. These
AUC values are shown in Fig. 5.

We observe that Macowmss significantly outperforms classification
without imputation, as evidenced by the AUC values in Fig. 5. Notably,
this recovery achieves a prediction accuracy close to the complete-
data method, demonstrating the generalizability of Macowss for clinical
prediction tasks.

In Fig. 6, we illustrate the coefficients from logistic regression mod-
els using the above methods, estimated from three randomly selected
replication experiments in Fig. 5 with p = 120 and / = 50. We find
that Macowmss identifies clinical features in demographic information,
vital signs, and comorbidities—similar to the complete-data bench-
mark. These features are usually important predictors for emergency
hospital admission [44-46], but they are ignored when no imputation
is performed. These results highlight the necessity of imputing block

missingness in the predictor matrix prior to classification, as the impu-
tation may recover important information crucial for predicting patient
admission.

We further compare Macomss with PMM, RS, CART, BLR, and K-
NN listed in Section 3.3.2. We evaluate the imputation accuracy using
NMSE, along with the corresponding AUC to assess the performance
of downstream predictive tasks. The NMSEs and AUCs of different
methods across 50 repeated experiments are presented in Fig. 7. We
observe that Macomss mostly outperforms other methods in terms of
NMSE (Panel (A), (C), and (E) in Fig. 7). This satisfactory imputa-
tion performance of Macowmss leads to superior prediction accuracy for
downstream classification tasks, as evidenced by the AUC results in
Panels (B), (D), and (F) of Fig. 7.

We also compute the runtime and memory usage benchmarks for
the above methods using the DUHS dataset. For dataset of dimension
360 x p, with p € {60,90,120}, we report the averaged runtime and
memory consumption for each method in Table 1, evaluated on a server
with 2.10 GHz CPU cores and 208 GB of RAM. These results show that
Macowsss achieves favorable computational efficiency compared to other
methods.

We perform additional experiments to compare the performances
between Macowmss and previous methods by increasing the heterogeneity
level in the data. To this end, we randomly divide the patients in the
clinical dataset into three groups and generate a new dataset by adding
group-specific noise, increasing the population bias and heterogeneity
level in the data. Subsequently, we apply Macowmss and other imputation
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Table 1
Average runtime (in seconds) and memory usage (in MB) over 50 repeated

experiments with p € {60,90, 120} for different methods on the DUHS dataset.

setting, which highlights its applicability for integrative analysis of EHR
datasets with potential heterogeneity.

Macowss  PMM RS CART  BIR K-NN
Time 0.072 4.166 4173 3.484 7.771 96.707 5. Discussion
Memory  17.631  635.871 623.902 464169 812.366  22859.319

methods to the new dataset and replicate the previous experiments 50
times. The averaged NMSE under different heterogeneity levels are pre-
sented in Fig. 8. We observe that the NMSE of Macomss becomes smaller
compared to that of the other as the heterogeneity level increases.
These results suggest that when significant bias and heterogeneity is
present in different data sources, existing methods may no longer pro-
vide satisfactory imputation for structured and sporadic missingness.
Whereas Macowmss, in general, can achieve superior performance for this

This article proposes a novel matrix completion method named
Macowmss for imputing datasets with structured and sporadic missing-
ness, effectively addressing key missingness occurring in the integrated
analysis of EHR data. Our approach preserves critical information
that may be lost due to the intricate healthcare delivery and data
collection systems and ensures that downstream clinical and public
health analyses remain robust and more generalizable to a larger
population. With the theoretical guarantees, simulation validation, and
real data analysis, our method demonstrates superiority in data im-
putation during integrated analyses, particularly in multi-source EHR
studies where traditional imputation methods struggle. Its resilience
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classification without imputation.

to data heterogeneity further ensures that population-level health pat-
terns can be studied with greater precision, facilitating better clinical
decision-making and more effective public health interventions.

Our work has several limitations that point to directions for future
research. First, Macowmss is designed to treat different data types in a uni-
form way and does not explicitly accommodate binary or mixed-type
variables; in such cases, techniques such as logistic PCA [47] or mixed-
type factor models [48] can be considered either as preprocessing steps
or in conjunction with our approach. Second, the current formulation
does not exploit temporal smoothness or time-indexed missing patterns
that may be present in EHR datasets, which could lead to a loss of esti-
mation efficiency in longitudinal or time series settings. To address this,

one could extend Macowmss with time-based regularization or penalty
terms on the singular value decomposition, similar to recent works [8,
49]. Third, while we address missing-at-random (MAR)-like missing-
ness, missing-not-at-random (MNAR) remains a challenging scenario
for EHR data imputation. In Part E.1 of the Supplementary Materials,
we provide a sensitivity analysis to explore robustness under the MNAR
mechanism, but further methodological development is needed for
principled handling of such patterns.

Overall, Macowmss inherits challenges common to large-scale, hetero-
geneous EHR datasets, where diverse data sources, variable quality,
and complex missingness patterns can complicate integrated analy-
sis. To apply Macowmss or other imputation approaches effectively, we
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Fig. 8. The averaged NMSE is computed over 50 repeated experiments with varying missing proportions /% and p = 120. For each experiment, we randomly
partition the patients into three groups and generate a new dataset by adding Gaussian noise to the original dataset according to these groups. For each clinical
feature in the kth group (k = 1,2,3), the mean and standard deviation of the added noise are set to (100—(k —2)h)% of the feature’s mean and 10% of its standard
deviation, respectively. A larger h% corresponds to a higher level of population bias and heterogeneity.

recommend a thorough examination of missingness patterns and an
assessment of potential population biases prior to EHR analysis, along
with applying appropriate transformations for variable types when
needed. In parallel, it is essential to validate imputations through down-
stream predictive performance and evaluations of clinical plausibility,
ideally with guidance from domain experts to ensure both statistical
rigor and real-world applicability.

6. Conclusion

Macowmss provides an easy-to-implement and theoretically guaran-
teed approach for imputing and denoising a matrix integrated from
multiple EHR data sources. Our approach effectively leverages the
complicated missing mechanisms during imputation, addressing key
challenges where missingness may occur randomly, structurally, and
heterogeneously in the data integration processes. These advantages
highlight the potential of our method for accurate downstream clinical
prediction and precise clinical insights in population health.
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