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Abstract

Surveillance data are essential for public health initiatives; however, missing data is often a challenge, impacting the ability to
assess accurate vaccine coverage by introducing bias, particularly when addressing disparities. While methods like multiple
imputation using chain equations (MICE) are robust, they can be computationally expensive when applied to large datasets. We
explored the use of the machine learning techniques Iterative-Imputer and miceforest and cloud-based computing to reconcile
missing demographic data. 2021-2022 flu vaccination and demographic data came from the WV Immunization Information
System (N=2,302,036) where race (15%) and ethnicity (34%) were missing. We utilized MICE, Iterative-lmputer, and
miceforest, where we jointly imputed missing variables and created 15 datasets each. After imputations, we obtained an
additional 780,339 observations compared to the complete case. MICE and miceforest best preserved the proportional
distribution of demographics relative to the complete case. MICE required 14 hours to complete 15 imputations, while Iterative-
Imputer took 2 minutes and miceforest took in 10 minutes to complete the same number of imputations. After applying post-
imputation estimates to flu data, vaccination coverage rates dropped between 0.87-18%. Utilizing miceforest to reconcile missing
demographic data poses as a potential solution, offering a flexible, fast, and iterative approach that can improve data
completeness while preserving underlying distributions and mitigating potential bias. By offloading resource-intensive tasks to a
cloud-based server, public health officials can mitigate processing constraints, enabling parallel execution of multiple tasks while
minimizing downtime. This enhanced efficiency accelerates analyses, facilitates culturally responsive decision-making, and
optimizes organizational performance, ultimately improving communication and productivity by eliminating prolonged
processing delays.
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Comparing Multiple Imputation Methods to Address Missing Patient Demographics in
Immunization Information Systems: Retrospective Cohort Study

Abstract
Surveillance data are essential for public health initiatives; however, missing data is often a
challenge, impacting the ability to assess accurate vaccine coverage by introducing bias, particularly
when addressing disparities. While methods like multiple imputation using chain equations (MICE)
are robust, they can be computationally expensive when applied to large datasets. We explored the
use of the machine learning techniques Iterative-Imputer and miceforest and cloud-based computing
to reconcile missing demographic data. 2021-2022 flu vaccination and demographic data came from
the WV Immunization Information System (N=2,302,036) where race (15%) and ethnicity (34%)
were missing. We utilized MICE, Iterative-Imputer, and miceforest, where we jointly imputed
missing variables and created 15 datasets each. After imputations, we obtained an additional 780,339
observations compared to the complete case. MICE and miceforest best preserved the proportional
distribution of demographics relative to the complete case. MICE required 14 hours to complete 15
imputations, while Iterative-Imputer took 2 minutes and miceforest took in 10 minutes to complete
the same number of imputations. After applying post-imputation estimates to flu data, vaccination
coverage rates dropped between 0.87-18%. Utilizing miceforest to reconcile missing demographic
data poses as a potential solution, offering a flexible, fast, and iterative approach that can improve
data completeness while preserving underlying distributions and mitigating potential bias. By
offloading resource-intensive tasks to a cloud-based server, public health officials can mitigate
processing constraints, enabling parallel execution of multiple tasks while minimizing downtime.
This enhanced efficiency accelerates analyses, facilitates culturally responsive decision-making, and
optimizes organizational performance, ultimately improving communication and productivity by
eliminating prolonged processing delays.
Keywords
Multiple imputation, missing data, imputation methods, data science, machine learning, statistical
modeling, immunization information system

Introduction

The usage of large datasets obtained from surveillance data and immunization information
systems (IIS) have held a vital role in recognizing and comprehending the extent of health disparities
and inequities within a population.'?® Previous research has shown that there is an association
between race and ethnicity and vaccine acceptance and uptake.*” However, as exemplified by the
COVID-19 pandemic, race and ethnicity fields are historically underpopulated, thereby limiting a
full understanding of the extent of vaccine inequities.> > ®® Missing data can affect the capability to
effectively describe vaccine coverage and may introduce bias into epidemiologic analyses,
particularly when attempting to estimate and address racial and ethnic health inequities and
disparities.

Studies exploring racial and ethnic inequalities traditionally omit individuals with missing
demographic information or have classify them as “unknown.”'®** However, this can miscalculate
vaccine coverage rates when stratified by race and ethnicity, leading to biased analyses between
different racial and ethnic groups. This selection bias dampens capacities to accurately measure the
true vaccine uptake among underserved populations that are more likely to have racial and ethnic
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data missing in surveillance datasets.* "¢

Imputing values for missing data, alternatively, has been shown to be a better method for
eliminating missing data and preserving the greatest amount of data. '* Multiple imputation using
chained equations (MICE) is a statistically sound method for managing missing data and has been
used in the context of medical research and large, national datasets.'”'®* MICE employs the
distribution of the original data to estimate values that signify the ambiguity of the true missing
value. This can yield unbiased approximations after an adequate number of imputations, which is
contingent based on the quality of the dataset.

Machine learning (ML) is increasingly being utilized to reconcile missing data by offering
robust and sophisticated solutions for improving data quality. Some of these techniques include
random forest (RF)"***, support vector machine (SVM)'*, neural networks (NN)'***?*?% ensemble
learning (EL)"¥**°, K-nearest neighbor (KNN)'**?'  and eXtreme gradient boosting (XGBoost)*®,
all with varying levels of accuracy. The accuracy and performance of machine learning algorithms to
impute missing data relies heavily on the type of missing data being evaluated.

When compared to various machine learning techniques, MICE had less bias and similar
standard errors for parameter estimates, with additional studies demonstrating combining MICE with
machine learning yields less biased results.*®* Miceforest is a combination of classical
epidemiological techniques and machine learning algorithms. This algorithm utilizes MICE with
light gradient-boosting, a tree-based algorithm, to provide a flexible and powerful, and still efficient
and reliable, solution for managing missing data.***

In this study, we investigate racial and ethnic disparities in flu vaccine uptake in West
Virginia for the 2021-2022 flu season. We sought to address potential bias due to missing race and
ethnicity data through multiple imputation and test the efficiency and accuracy of 3 established
methods to address missing data in IIS and the implications of imputations on influenza vaccination
coverage data. To date, there is no published peer-reviewed literature on methods to address missing
data in IIS.

Methods

Patient data for 2021-2022 flu vaccination (June 1 — June 30) was obtained from the West
Virginia Immunization Information System (WVSIIS). Geo-demographic data, such as urbanicity
and SVI status, were calculated using address data obtained from the IIS. After a preliminary data
cleaning process on a clone of the WVSIIS database, there were a resulting 2,302,036 records. 15%
of records were missing patient race (n=347,633) and 34% (n=780,339) of records were missing
patient ethnicity.

We first addressed missing race and ethnicity data by employing multiple imputation by
chained equations (MICE) in Stata 17 using the mi impute chained command, where we jointly
imputed patient race and ethnicity using age, urbanicity, SVI status, county, and flu vaccination
status. We created 15 imputed datasets to stabilize our variance estimates.*"*

Python 3.11 was used as the primary engine for the second and third method of addressing
missing data. All Python computations were performed on a cloud-based computing cluster with 16-
core processors and 128 GB of RAM. Packages used include scikit-learn’s Iterative-Imputer and
miceforest. Iterative-Imputer operates similarly to MICE by utilizing available data in other features
to estimate missing values. The imputation is performed in an iterative, round-robin manner, with a
regressor to predict the missing values.** Miceforest is designed for performing MICE using random
forests. Rather than assume a linear relationship between variables, miceforest can capture complex,
non-linear patterns and imputes values iteratively, unlike traditional MICE.*

Once missing data had been reconciled, post-imputation estimates were applied to WVSIIS
flu vaccination data for the 2021-2022 flu season.

Results
MICE
347,633 race categories that were previously missing were imputed after completing MICE.
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There were 16.5% additional White records, 16.8% additional Black records, 16.3% additional Asian
records, 18.5% additional Indigenous records, 16.8% additional Native Hawaiian/Pacific Islander
records, 17.4% additional Multi-racial records, and 15.3% additional Other records after imputations
(Table 1).

780,339 ethnicity categories that were previously missing were imputed after completing
MICE. There were 52.4% additional Hispanic/Latino records and 40.5% additional Not
Hispanic/Latino records after imputations (Table 1).

After MICE, individual demographics remained proportional to the original dataset
distributions. A chi-square test illustrated that there was a statistically significant difference between
the complete case and MICE estimates (P < .001) (Table 2). Overall computational time was
approximately 14 hours.

Iterative-Imputer

347,633 race categories were successfully imputed after completing Iterative-Imputer. There
were 0.26% additional White, 142.5% additional Black, 50.4% additional Asian, 0% additional
Indigenous, 95.2% additional Native Hawaiian/Pacific Islander records, 10.6% additional Multi-
racial, and 0% additional Other records after imputations (Table 1).

Like MICE, 780,339 ethnicity categories that were previously missing were imputed after
completing Iterative-Imputer. There were 0% additional Hispanic/Latino and 4.5% Not
Hispanic/Latino records after imputations (Table 1).

After Iterative-Imputer, individual demographics did not remain proportional to the original
dataset distributions. A chi-square test illustrated that there was a statistically significant difference
between the complete case and Iterative-Imputer estimates (P < .001) (Table 2). Overall
computational time was 2 minutes.

Miceforest

347,633 race categories that were previously missing were imputed after completing
Miceforest. There were 16.5% additional White records, 17.9% additional Black records, 15.9%
additional Asian records, 27.7% additional Indigenous records, 26.0% additional Native
Hawaiian/Pacific Islander records, 13.6% additional Multi-racial records, and 15.1% additional
Other records after imputations (Table 1).

780,339 ethnicity categories that were previously missing were imputed after completing
Miceforest. There were 76.1% additional Hispanic/Latino records and 39.8% additional Not
Hispanic/Latino records after imputations (Table 1).

After Miceforest, individual demographics remained proportional to the original dataset
distributions. A chi-square test illustrated that there was a statistically significant difference between
the complete case and Miceforest estimates (P < .001) (Table 2). Overall computational time was 10
minutes.

Flu Coverage with Miceforest Imputations

For the 2022-2023 flu season, the complete case analysis flu vaccine coverage rate was 26%.
Using miceforest, after imputations, WV had an overall flu vaccine coverage rate of 19%, a 16%
decrease. Flu vaccine coverage rates decreased when stratified by race and ethnicity when compared
to a complete case analysis, with the most significant decreases observed in NH White (5%), NH
Black (4%), Hispanic/Latino (7%), Asian (7%), Native Hawaiian/Pacific Islander (7%), and Other
(18%) (Figure 1). After reconciling missing race/ethnicity, an additional 63,984 individuals were
included in the analysis that were previously excluded from stratified analyses.
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Table 1. Complete case, MICE, Iterative-Imputer, and Miceforest outputs

Variable Missing | Complete Case MICE Iterative-Imputer Miceforest

% n % n % n % n %
Race 15%
White 1,519,326 77.7% | 1,793,167 77.8% | 1,527,855 66.4% | 1,792,102 77.8%
Black 65,716 3.36% 77,767  3.38% 391,756 17.0% 78,624 3.42%%
Asian 14,334 0.73% 16,886 0.734% 24,003  1.04% 16,813  0.730%
Indigenous 7,110 0.36% 8,561 0.372% 7,110 0.309% 9,399  0.408%
Native Hawaiian/ 1,720 0.09% 2,036 0.088% 4846 0.211% 2,235  0.097%
Pacific Islander
Multi-racial 2,405 0.12% 2,863 0.124% 2,674 0.116% 2,755  0.112%
Other 343,792 17.6% 400,757 17.4% 343,792 14.9% 400,108 17.4%
TOTAL 1,954,403 2,302,036 2,302,036 2,302,036
Ethnicity 34%
Hispanic/Latino 33,652 2.21% 57,552 2.50% 33,652 98.5% 75,031 3.26%
Not Hispanic/Latino 1,488,045 97.8% | 2,244,484 97.5% | 2,268,384  1.46% | 2,227,005 96.7%
TOTAL 1,521,697 2,302,036 2,302,036 2,302,036

Table 2. Chi-square test for complete case versus MICE, Iterative-Imputer, and Miceforest

Imputation Method Pearson chi’ P
MICE 1.1e+04 <0.001
Iterative-Imputer 1.8e+05 <0.001
Miceforest 1.3e+04 <0.001

Figure 1. Complete case versus miceforest flu vaccine coverage rates
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Discussion

Of the three methods utilized to address missing data, we found that Miceforest had the
best-balanced model fit and scalability. Miceforest was able to reconcile missing data quickly
with little bias and allows for more sophisticated post-hoc analyses. Iterative-Imputer exhibited
the most substantial deviations from the complete case analysis. While the majority of race and
ethnicity categories retained proportions similar to those observed prior to imputation, the Black
race category had a notable 142% increase post-Iterative-Imputer. The significant change within
a singular racial group carries several potential implications: it may suggest under-reporting of
race by Black individuals in the original dataset, or it may reflect a greater degree of bias
introduced by the Iterative-Imputer.

The most striking difference between these methods was overall computational time.
Large, population surveillance-based datasets can be computationally expensive to impute.
While traditional MICE was proportionally similar to the complete case analysis and Miceforest,
the computational load was a significant limitation for future epidemiological analyses. Since
Stata 17 operates locally, executing MICE required approximately 14 hours, utilizing between
92% and 98% of the total CPU capacity of the local system. In contrast, as Iterative-Imputer and
Miceforest were processed on a cloud-based drive, the total computational time was reduced to
under 10 minutes. Cloud-based computing extends several advantages, including enhanced
scalability, reduced dependance on local servers, and the capability to allocate computational
jobs efficiently.***> The larger and more complex datasets become, the requirements for larger
memory and CPUs become necessary, and consequently, will have computational limitations. By
divesting resource-intensive tasks to the cloud, researchers and public health officials can
alleviate processing constrictions, enabling analogous performance of multiple tasks, and
minimizing downtime. This improved efficiency not only accelerates analyses but improves
overall productivity by removing lengthy processing delays.

Compared to the complete case analysis, the imputed dataset was 45% larger, and as a
result, we observed greater differences in flu vaccination rates compared with a complete case
analysis. Stratified flu vaccination coverage rates declined across all racial and ethnicity
categories following imputation. This is both expected, due to denominator inflation, and
consistent with existing literature, which suggests that enhancements in data completeness often
uncover underlying racial inequities.>**'>'*!%% These results suggest that the Miceforest
estimates were statistically significant compared to the complete case counts. This indicates that
the complete case analysis estimates may be biased, potentially overstating flu vaccination
coverage, particularly among vulnerable groups.

Additionally, the presence of the ‘Other’ category may be artificially influencing race
missingness rate. Reports indicate that the increasing size of the ‘Other’ category may be
influenced by individuals choosing not to disclose their race, varying cultural perceptions of
race, or vaccine providers selecting ‘Other’ rather than leaving the race field blank.”*® Those
who select ‘Other’ category get combined into a single, dissimilar category that does not reflect
accurate identities and makes results for this group difficult to accurately decipher.

The absence of demographic data carries significant public health implications. Missing
data limits our capability to correctly assess vaccination coverage, potentially leading to an
incomplete or inaccurate understanding of disparities in vaccination rates among different
vulnerable groups. Consequently, public health interventions and policies may be based on
flawed assumptions, undermining their effectiveness. Moreover, the inability to identify and
address disparities hinders efforts to promote equity within communities. Poor data quality can

https://preprints.jmir.org/preprint/73916 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Brown et &

also result in inefficient allocation of resources, both human and financial, further exacerbating
inequities. Finally, inadequate data can erode public trust in health systems, as decisions based
on incomplete information may be perceived as unreliable or inequitable. However, Miceforest
successfully imputed missing values a large public health dataset in the most time efficient
manner, and therefore, we were able to mitigate potential bias and increase our statistical power
in our analyses.

There were several limitations to our approach. Due to high levels of missingness of
variables in the dataset, there were limited informing variables for the imputations. The WVSIIS
population denominator is higher than the census population, which can skew flu vaccination
rates lower than they are. Race and ethnicity are self-reported, and it may not reflect the reality
of demographic distribution in the state, especially with growing nuances of racial and ethnic
identity.

Data is the foundation of all effective public health interventions, and missing data can
reduce our comprehension of vaccination coverage, recognizing disparities, and creating
successful public health programs. Without properly addressing missing data, vulnerable groups
continue to be underserved. As demonstrated, different methods for reconciling missing data
results in different assumptions regarding the data and the process. However, utilizing Miceforest
to reconcile missing demographic data poses as a potential solution, offering a flexible, fast, and
iterative approach that can improve data completeness while preserving underlying distributions
and mitigating potential bias.
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