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Abstract

Background: Injection drug use (IDU) is a major contributor to the syndemic of viral hepatitis, 

human immunodeficiency virus, and drug overdose. However, information on IDU is frequently 

missing in national viral hepatitis surveillance data, which limits our understanding of the full 

extent of IDU-associated infections. Multiple imputation by chained equations (MICE) has 

become a popular approach to address missing data, but its application for IDU imputation is 

less studied.

Methods: Using the 2019-2021 National Notifiable Diseases Surveillance System acute hepatitis 

C case data and publicly available county-level measures, we evaluated listwise deletion (LD) 

and 3 models imputing missing IDU data through MICE: parametric logistic regression, semi-

parametric predictive mean matching (PMM), and nonparametric random forest (RF) (both 

standard RF [sRF] and fast implementation of RF [fRF]).

Results: The estimated IDU prevalence among acute hepatitis C cases increased from 63.5% by 

LD to 65.1% by logistic regression, 66.9% by PMM, 76.0% by sRF, and 85.1% by fRF. Evaluation 

studies showed that RF-based MICE imputation, especially fRF, has the highest accuracy (as 

measured by smallest raw bias, percent bias, and root mean square error) and highest efficiency 

(as measured by smallest 95% confidence interval width) compared to LD and other models. 

Sensitivity analyses indicated that fRF remained robust when data were missing not at random.
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Conclusion: Our analysis suggested that RF-based MICE imputation, especially fRF, could be a 

valuable approach for addressing missing IDU data in the context of population-based surveillance 

systems like National Notifiable Diseases Surveillance System. The inclusion of imputed IDU data 

may enhance the effectiveness of future surveillance and prevention efforts for the IDU-driven 

syndemic.
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Introduction

Injection drug use (IDU) is a primary contributor to the syndemic of overdose,1-3 human 

immunodeficiency virus (HIV),4-6 hepatitis C,7-9 and other associated conditions.10,11 An 

estimated 3.7 million people (1.5% of the US adult population) injected drugs in 2018, 

about 5 times the 2011 estimate.12,13 The incidence rate of acute hepatitis C virus (HCV) 

infection in the United States has quadrupled from 2011 to 2021 (0.4-1.6 cases per 100 000), 

and IDU is the most commonly reported risk factor.14 There were 69 800 estimated acute 

HCV infections during 2021, which was more than 15 times the 2030 viral hepatitis national 

strategic goal of 4400.15

To identify potential outbreaks, understand transmission, and better address the syndemic, 

it is crucial to monitor and track IDU through national viral hepatitis surveillance data. 

Obtaining information on IDU is challenging due to limited resources to investigate 

acute cases and reluctance to disclose potentially stigmatizing behaviors. In the Centers 

for Disease Control and Prevention’s (CDC’s) National Notifiable Diseases Surveillance 

System (NNDSS), more than 60% of reported acute hepatitis C cases are missing IDU 

data.14 The large number of missing IDU data limits the usefulness of surveillance data to 

inform public health prevention efforts, such as linkage to treatment and harm reduction 

services.

Choosing the appropriate approach to handle missing data depends on the pattern of 

missingness: missing completely at random (MCAR, missingness is independent of any 

variable), missing at random (MAR, missingness is associated with other variables), and 

missing not at random (MNAR, missingness is associated with the missing variable itself).16 

Listwise deletion (LD) relies on the MCAR assumption, but this assumption is often invalid 

leading to biased estimates. Imputation of missing data generally starts with the MAR 

assumption and then addresses the possibility of MNAR through sensitivity analysis.17

Multiple imputation by chained equations (MICE) is a principled and flexible approach 

to impute missing data.18,19 MICE generates multiple imputed datasets by iteratively 

predicting missing values for each variable through an imputation model based on other 

variables. To our knowledge, MICE has not been applied to impute missing IDU information 

for acute viral hepatitis cases from the national surveillance system though it has been 

applied to other data elements for other conditions.20,21 One study used a logistic regression 

(LR)-based imputation model to impute missing substance use information but was limited 

to a small cohort.22 As national surveillance data usually have a large number of variables 
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with complex relationship patterns such as nonlinearity, non-normality, and hierarchical 

interactions, specifying the appropriate parametric model for imputing missing IDU data 

could be challenging and labor-intensive.

Recent studies have shown that machine learning algorithms such as random forest (RF) 

could be powerful tools when they are incorporated with MICE.23-25 RF combines the 

outputs from multiple decision trees,26 does not require determining an imputation model, 

and allows inclusion of many predictors for automatic screening while accounting for 

complex relationships among variables. RF-based imputation performs well under moderate 

to high missingness, even when data are MNAR in certain cases.27

To better understand the contribution of IDU among acute hepatitis C cases in the United 

States, we aimed to establish a flexible and robust MICE approach to impute missing 

IDU information in the context of a large national surveillance dataset. Specifically, 

using NNDSS, we compared the performance of LD and 3 classes of models to impute 

missing IDU data through MICE: parametric LR, semi-parametric predictive mean matching 

(PMM),28 and nonparametric RF model (standard RF [sRF] through R “mice” package,19 

and fast implementation of RF [fRF] through R package “miceRanger”29). Evaluation and 

sensitivity analyses were conducted to assess the performance of each imputation model.

Methods

Datasets and variables

CDC’s NNDSS is a nationwide collaboration among health departments to report and 

monitor nationally notifiable conditions in the United States.30 During 2019-2021, a total 

of 13 852 confirmed (ie, HCV RNA-positive) acute hepatitis C cases were reported to 

NNDSS and included in this analysis. Each case was assumed to represent 1 unique person. 

For this analysis, the IDU information was obtained from 2 questions, one about whether 

the person injected drugs in the 2 weeks to 6 months prior to the onset of symptoms, 

and a second about ever having injected drugs. If the response was yes to either question, 

then IDU was coded yes. Both unknown and blank values were treated as missing. Other 

analytic variables from NNDSS included age (≤19, 20-29, 30-39, 40-49, 50-59, and ≥60 

years), sex (male or female), race/ethnicity (non-Hispanic American Indian/Alaska Native, 

non-Hispanic Asian/Pacific Islander, non-Hispanic Black, non-Hispanic White, Hispanic, 

or Other), and urbanicity (large central metro, large fringe metro, medium metro, small 

metro, micropolitan, and non-core). Because MICE can impute missing values for multiple 

variables sequentially, missing values for all the above analytic variables were also imputed. 

Considering other risk data available for acute hepatitis C cases within surveillance data 

(such as non-IDU, needlestick injury, incarceration status) are often correlated with IDU, 

they were included as auxiliary variables. The unknown values of these auxiliary risk factors 

were treated as nonmissing. Because the individual IDU information could be influenced by 

local social and environmental determinants, we sought county-level measures as additional 

auxiliary variables to further improve MICE imputation.16 We extracted all major county-

level measures from 2 data sources: County Health Rankings & Roadmaps (2020 data, 

https://www.countyhealthrankings.org) and CDC Social Vulnerability Index (SVI, 2018 

data, https://www.atsdr.cdc.gov/placeandhealth/svi.html), and merged these to the case-level 
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NNDSS data using county Federal Information Processing Standards codes. Overall, 134 

predictor variables were included in this analysis (Supplemental Digital Content, available at 

http://links.lww.com/JPHMP/B405).

MICE imputation models

Four MICE imputation models including LR, semi-parametric PMM, and nonparametric 

sRF and fRF were conducted. From the 134 predictor variables, we first screened the 

variables for their association with IDU missingness through the “quickpred” function 

provided by R package “mice” using an absolute Pearson correlation threshold of ≥0.2.19 

Selected auxiliary variables and analytic variables (variables No. 1-29 in Supplemental 

Digital Content, Table, available at http://links.lww.com/JPHMP/B405) were included in 

the LR, PMM, and sRF models. For simplicity, this analysis did not account for the 

potential interactions in LR and PMM models. For fRF, we included all 134 variables 

for initial screening because it is designed to analyze high-dimensional data. For each 

imputation model, we generated 10 different imputed datasets, and the final estimate for 

the IDU prevalence was derived based on Rubin’s rule, which can account for the variance 

between and within imputed datasets.16 All analyses were conducted using RStudio (version 

2023.03.0, RStudio Team), with “tidyverse,”31 “mice,”19 and “miceRanger” packages,29 and 

their dependencies.

Evaluation analysis

To evaluate the performance of the MICE imputation models (ie, how well the imputed 

data estimated the “true” data) under variant scenarios, we used 3 datasets as the “true” 

datasets from NNDSS acute hepatitis C data. These include Dataset 1: NNDSS 2019-2021 

data (excluded missing IDU data, n = 4945); Dataset 2: Partial NNDSS 2019-2021 data 

limited to 4 states where IDU missing proportion was ≤30% (excluded missing IDU data, n 

= 499); Dataset 3: Partial NNDSS 2019-2021 data limited to 23 states where IDU missing 

proportion was >60% (excluded missing IDU data, n = 2268). A total of 29 variables 

including IDU, age, sex, race/ethnicity, urbanicity, SVI quartile, and other county-level 

auxiliary variables were included in all the evaluation analyses.

The evaluation process is described in Figure 1. First, we established a logistic 

model for IDU missingness based on the original 2019-2021 national raw data, which 

included variables No. 2-29 in Supplemental Digital Content, Table 1, available at http://

links.lww.com/JPHMP/B405, and accounted for the mechanism of MAR. Then this model 

was applied to the “true” dataset where some of the true IDU data were replaced with 

missing values based on model prediction. To create randomness, the dataset was further 

reshuffled into 50 testing datasets through bootstrap sampling with replacement. For each 

of these 50 testing datasets, we conducted the 4 MICE imputation models, separately. 

The prevalence of IDU and its 95% confidence interval (CI) from the imputed datasets 

were derived based on Rubin’s rule.- 16 As a comparison, the prevalence of IDU and its 

95% CI (based on normal approximation) through LD were also derived. All estimates 

were averaged over the 50 testing datasets and compared to the “true” value of the initial 

dataset. Four evaluation measures were calculated including: (1) raw bias (the difference 

of estimated IDU prevalence minus the “true” IDU prevalence); (2) percent bias (the 
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percentage of the raw bias over the “true” IDU prevalence); (3) 95% CI width (the upper 

limit minus the lower limit of 95% CI); and (4) the root mean square error (RMSE), which 

measures the average magnitude of the error between the estimated and true values. The 

smaller the value of the raw bias, percent bias, or RMSE, the more accurate the estimates 

from the MICE imputation. The narrower the 95% CI width, the more statistically efficient 

the MICE imputation.

Sensitivity analysis

We conducted a sensitivity analysis to assess the stability of estimation from the selected 

MICE imputation when the missing data follows MNAR rather than MAR. The only 

difference from the MAR evaluation analysis is that we mimic the MNAR mechanism 

in generating the missing data (Supplemental Digital Content, Figure, available at http://

links.lww.com/JPHMP/B405). We first derived a formula with coefficient values using 

outputs of the LR for IDU missingness in the evaluation study. Then, we added IDU to 

the formula as a predictor, varying its coefficients (β = 0, .1, .2, .5, .8, and 1.0). Finally, 

we applied this modified regression model formula to the “true” data to generate missing 

IDU data. Overall, this missing data generation process accounts for the association of IDU 

itself with the IDU missingness as defined by MNAR, eg, if case patients who inject drugs 

are less likely to provide IDU risk information than case patients who do not inject drugs. 

When beta = 0, there is an equal chance of IDU data being present or missing. As the beta 

coefficient increases from 0.1 to 1.0, the likelihood of IDU data being missing increases 

among persons with “true” IDU. Under these scenarios, we calculated the raw bias, percent 

bias, 95% CI widths, and RMSE to assess the robustness of MICE imputation against the 

MNAR assumption.

Results

Population characteristics

Table 1 shows the population characteristics overall and stratified by IDU missingness. Of 

13 852 acute hepatitis C cases reported to NNDSS during 2019-2021, 8907 (64.3%) were 

missing IDU data. Most persons with acute hepatitis C were aged 20 to 39 years (57.3%), 

male (64.0%), and White (63.4%). Chi-square tests detected significant associations of IDU 

missingness with age, sex, race/ethnicity, urbanicity, and SVI quartile. For example, when 

compared to acute hepatitis C cases with complete IDU, cases with missing IDU were more 

frequent among persons who were aged ≥60 years (14.0% vs 8.1%), non-Hispanic African 

American (11.0% vs 5.8%), and Hispanic (10.5% vs 7.5%), residing in large central metro 

counties (34.9% vs 19.3%) and counties in the highest SVI quartile (27.4% vs 18.5%). In 

contrast, IDU was more frequently complete for persons who were aged 20 to 29 years 

(28.6% vs 23.7%), aged 30 to 39 years (34.8% vs 30.2%), female (40.0% vs 33.6%), non-

Hispanic White (74.5% vs 57.3%), and residing in counties in the 2 lowest SVI quartiles 

(55.9% vs 43.3%). These findings indicate that IDU missingness was not MCAR among 

acute hepatitis C cases in NNDSS.
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MICE model comparisons

Table 2 shows the prevalence of IDU among persons with reported acute hepatitis C 

infections overall and by characteristics from LD and 4 MICE imputations (LR, PMM, 

sRF, and fRF). Overall, 3140 persons with acute hepatitis C reported IDU in the raw data. 

After MICE imputations, this number increased more than 3-fold to 9015 by LR, 9263 

by PMM, 10 524 by sRF, and 11 791 by fRF. The number of persons with imputed IDU 

also increased significantly among certain sociodemographic subgroups. For example, 42 

persons aged ≥60 years reported IDU in the raw data; after fRF imputation, this age group 

had an estimated 1112 persons who injected drugs (PWIDs). Among non-Hispanic African 

American persons, 107 reported IDU in the raw data; after fRF imputation, non-Hispanic 

African American persons accounted for an estimated 1057 PWID.

The overall prevalence of IDU among persons with acute hepatitis C also increased from 

LD (63.5%; 95% CI, 62.1%-64.8%), to LR (65.1%; 95% CI, 62.6%-67.6%), PMM (66.9%; 

95% CI, 64.2%-69.6%), sRF (76.0%; 95% CI, 74.0%-78.0%), and fRF (85.1%; 95% CI, 

84.4%-85.8%). The prevalence of IDU among all demographic subgroups also increased 

from LD to fRF-MICE models. For instance, 75.0% (95% CI, 72.8%-77.0%) of persons 

aged 30 to 39 years from LD were PWID. This prevalence increased to 90.1% (95% CI, 

89.2%-90.9%) using fRF. Large increases (>25%) in the prevalence of IDU also were 

seen among persons who were aged 50 to 59 or ≥60 years, non-Hispanic American Indian/

Alaskan Native, non-Hispanic Asian/Pacific Islander, non-Hispanic African American, 

Hispanic, or resided in large central metro counties or in counties in the 2 highest SVI 

quartiles.

MICE model evaluations

Table 3 shows the evaluation measures of raw bias, percent bias, 95% CI width, and RMSE 

across the 5 estimation approaches (LD, LR, PMM, sRF, and fRF) under 3 scenarios. For 

Datasets 1 and 3, fRF exhibited the best performance as indicated by the lowest percent bias 

(3.19% and 2.71%, respectively), compared to LD (15.30% and 23.90%, respectively), LR 

(6.64% and 9.21%, respectively), PMM (5.38% and 8.88%, respectively), and sRF (4.22% 

and 9.33%, respectively). These findings were also supported when we assessed the raw 

bias and RMSE. For Dataset 2, LR showed the worst performance with percent bias at 

11.92%, followed by LD (5.36%), PMM (5.26%), fRF (4.81%), and sRF (3.42%). For all 

the Datasets 1 to 3, fRF showed the greatest efficiency of estimation as indicated by the 

smallest 95% CI widths compared to LD, LR, PMM, and sRF.

Sensitivity to Missing not at Random

Though we found that IDU missingness was associated with other observed variables, 

suggesting these data are MAR, MNAR was still possible. To assess the sensitivity of fRF to 

MNAR, we repeated the evaluation process but incorporated MNAR when missing IDU data 

were generated (Supplemental Digital Content, Figure, available at http://links.lww.com/

JPHMP/B405). We tested scenarios with the beta coefficient for IDU missingness set to 

0, .1, .2, .5, .8, and 1.0 (Table 4). Under the MAR assumption (beta coefficient at 0), the 

percent bias of fRF was 3.19%. Under the MNAR assumption (with beta coefficient varying 

from .1 to 1.0), the percent bias of fRF ranged from 1.57% to 2.93%. No specific pattern 
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was observed when beta coefficients increased. Consistently, other measures such as raw 

bias, 95% CI width, and RMSE remained stable across different scenarios.

Discussion

To address the high missing values of IDU in national surveillance data, this study assessed 

3 imputation models through MICE. We found that the fRF-based MICE imputation 

produced the most accurate estimation of IDU prevalence while remaining robust to the 

MNAR assumption. The estimated IDU prevalence among acute hepatitis C cases in the 

United States during 2019-2021 was as high as 85.1% as compared to 63.5% from the LD 

approach.

Among the different approaches we evaluated for handling missing IDU data, LD had the 

most bias compared to other MICE imputations. This was expected as LD excluded a large 

amount of data which reduced statistical power, and the assumption of MCAR did not hold. 

In addition, we found that in certain circumstances (such as using Dataset 2 with smaller 

sampler size), LR showed worse performance than LD, which might be explained by the 

less optimized imputation model. In all the tested scenarios, RF-based MICE imputation, 

especially fRF, showed better performance and efficiency than LD and other models. 

These differences might reflect the different levels of robustness of imputation modeling 

when dealing with large surveillance data with complex patterns such as interactions and 

nonlinearities. A high-quality imputation model is necessary to allow MICE to have accurate 

and efficient estimation.32 Our analysis suggested that the data-driven machine learning such 

as RF was advantageous because it can automatically capture valuable underlying patterns 

from many data elements to increase estimation accuracy and efficiency. This approach is 

necessary and advantageous to improve the inference and interpretation of viral hepatitis 

surveillance data. Many jurisdictions do not currently have sufficient resources to obtain 

nor impute IDU information on all acute hepatitis C cases; some might lack the resources 

to conduct imputation themselves. A national-level imputation approach could generate 

information to inform jurisdiction hepatitis C surveillance and prevention program efforts, 

improving imputation by use of data from multiple jurisdictions.

While we have demonstrated significant associations for missing IDU information with the 

observed variables (ie, MAR), we cannot exclude the possibility that IDU missingness may 

be associated with other unobserved variables or IDU itself due to potential stigma or other 

concerns (ie, MNAR). To address this possibility, it is recommended to include as many 

related variables as possible in the imputation model.- 16 In our analysis, in addition to the 

case-level surveillance data, we added 108 county-level measures with diverse themes from 

public data sources. However, this also caused computational speed issues with sRF, but 

not for fRF, which is designed for high-dimensional data. Simulation studies showed that 

RF outperformed other machine learning mechanisms such as k-nearest neighbors and was 

robust when data were MNAR.27 This finding is consistent with our sensitivity analysis.

The fRF-MICE may help us to better understand the prevalence and burdens of IDU-

associated acute hepatitis infections in the United States. A previous study had used acute 

hepatitis C infection as a proxy measure for IDU, assuming IDU is the major risk for 
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the infection.33 However, the true extent to which IDU contributed to acute hepatitis C 

has not been investigated from national surveillance system data. Another study limited 

to acute hepatitis C cases with available risk data estimated that the prevalence of IDU 

among these cases ranged from 58.5% in 2004 to 84.0% in 2014.9 Due to small samples 

used, these estimates were likely to be unstable and not nationally representative. Compared 

to the proxy-based approach, the multiple imputation-based approach from fRF-MICE, 

which considers the entire study population, might provide a more robust estimation on the 

IDU-associated infections.

Through the application of fRF-MICE, we conducted an analysis to compare the prevalence 

of IDU among different sociodemographic subgroups (Table 2). For example, the highest 

IDU prevalence of 93.0% was estimated for non-Hispanic Native American/Alaska Native 

persons compared to the lower value of 72.9% for non-Hispanic Asian/Pacific Islander 

persons, which might indicate potential racial disparities among IDU-associated infections. 

However, further studies are warranted due to the limited sample size at the subpopulation 

level by race/ethnicity. Another application of fRF-MICE is to study trends of IDU-

associated infections over person, place, and time. Given the robustness of fRF-MICE, 

future research may explore the performance of this approach at a more refined geographic 

level, such as the county or city level, or within a specific subpopulation. This exploration 

would enhance the ability to detect clusters or outbreaks associated with IDU.

Application of fRF-MICE to address missing data and enhance understanding of 

surveillance data may also help public officials and health providers prioritize populations 

with a high prevalence of IDU, which can be used to support hepatitis prevention and 

elimination activities. For example, public officials and health providers may offer harm 

reduction services, including syringe services, education on safe injection and non-injection 

drug alternatives, medication for opioid use disorder, HIV and viral hepatitis testing and 

treatment, and hepatitis A and hepatitis B vaccination to sociodemographic populations 

and geographic areas with high prevalence of IDU where health care is not readily 

accessible. The fRF-MICE-based IDU estimation may help guide evidence-based strategies 

for targeted outreach and resource allocation, which can reduce morbidity, mortality, and 

further transmission of viral hepatitis.

This study has several limitations. First, RF does not have model specifications and may be 

more difficult to interpret than parametric models. However, RF can rank the importance of 

variables used for imputation, which may be helpful for understanding the model. Second, 

RF is usually computationally intensive when dealing with high-dimensional large datasets; 

this limitation can be alleviated by using more computationally efficient methods such as 

fRF-MICE. Third, like all other imputations, fRF-MICE assumes the missing data follow 

MAR. Sensitivity analyses should be conducted when MNAR is possible. Fourth, this 

analysis does not fully explore the selection bias introduced by variables or data sources 

used in the model. Further analysis is needed to explore potential bias and refine the 

model accordingly. Lastly, caution should be exercised when interpreting differences at 

the subpopulation level, especially when sample sizes are small. Potential bias might exist 

with the fRF-MICE due to limited information available to capture the characteristics and 

variability of small subpopulations. Further work is warranted to assess the validity of fRF-
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MICE in addressing the issue of missing IDU data at the state or local, such as comparing 

the imputation analysis results with those obtained from enhanced surveillance studies that 

have more complete IDU data.

Conclusion

IDU is the most significant driver for acute hepatitis C in the United States; accurate and 

complete data are crucial for guiding hepatitis C elimination efforts. While efforts are 

underway to improve the completeness of surveillance data, imputation could serve as a 

supplemental approach to handle missing data appropriately when obtaining complete data 

is challenging. This analysis demonstrated that RF-based MICE imputation is an effective, 

flexible, and straightforward approach to address missing IDU data when analyzing high-

dimensional national surveillance data with complex patterns like NNDSS. The utilization of 

advanced imputation methods, such as RF-MICE, has the potential to inform public health 

interventions aimed at addressing the syndemic of viral hepatitis, HIV, and drug overdose 

driven by IDU.
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Implications for Policy & Practice

• Information of injection drug use (IDU) is frequently missing in national viral 

hepatitis surveillance data. Properly handling missing IDU data is critical to 

identify potential outbreaks, understand transmission, and better address the 

IDU-associated syndemic.

• This study demonstrated that the random-forest based multiple imputation 

by chained equations (RF-MICE) has the highest accuracy and efficiency 

on missing IDU data imputation compared to other approaches using the 

2019-2021 acute hepatitis C data from the National Notifiable Disease 

Surveillance System (NNDSS).

• The RF-MICE imputation could be a valuable approach in addressing 

missing IDU data in the context of population-based surveillance systems 

like NNDSS, where obtaining complete data is challenging.
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FIGURE 1. 
Evaluation of MICE for Estimating Prevalence of IDU Among Reported Acute Hepatitis C 

Cases, NNDSS. This figure is available in color online (www.JPHMP.com).

Abbreviations: IDU, injection drug use; MICE, multiple imputation by chained equation; 

NNDSS, National Notifiable Diseases Surveillance System.
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