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Aim: To evaluate the performance of the multiple imputation (MI) method for estimating clinical
effectiveness in pediatric Crohn’s disease in the ImproveCareNow registry; to address the analytical
challenge of missing data. Materials & methods: Simulation studies were performed by creating missing
datasets based on fully observed data from patients with moderate-to-severe Crohn'’s disease treated
with non-ustekinumab biologics. Ml was used to impute sPCDAI remission statuses in each simulated
dataset. Results: The true remission rate (75.1% [95% Cl: 72.6%, 77.5%]) was underestimated without
imputation (72.6% [71.8%, 73.3%]). With MI, the estimate was 74.8% (74.4%, 75.2%). Conclusion: Ml
reduced nonresponse bias and improved the validity, reliability, and efficiency of real-world registry data
to estimate remission rate in pediatric patients with Crohn’s disease.

Plain language summary: Multiple imputation of registry data to estimate clinical remission in pediatric
patients with Crohn’s disease.

What is this article about? The purpose of this study was to investigate whether multiple imputation
can help researchers address the challenge of missing data when estimating effectiveness or how well a
treatment works in patients treated in clinical practice rather than in a clinical trial. Multiple imputation
is a statistical technique that fills in a patient’s missing data with values based on existing data from
other patients with similar characteristics. The ImproveCareNow registry provided a suitable source of
“real-world” clinical practice data for studying treatment effectiveness in pediatric patients with Crohn’s
disease. However, registries often have partial or missing data, which can cause bias, or the tendency to
overestimate or underestimate an outcome. In this study, multiple imputation was used to try to reduce
bias caused by missing clinical remission outcome for some patients.

What were the results? The true clinical remission rate was 75.1%. Without multiple imputation, the
remission rate was underestimated (72.6%). With multiple imputation, the estimated remission rate
(74.8%) was closer to the true remission rate.

What do the study results mean? These results show that multiple imputation can reduce bias and
improve validity, reliability, and efficiency when using registry data to estimate remission rates in pediatric
patients with Crohn’s disease when some patients are missing remission data.
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The US FDA and European Medicines Agency have both issued guidance encouraging the use of relevant and
reliable real-world data (RWD) and scientifically robust methodologies to generate real-world evidence (RWE) to
support regulatory decisions [1-3]. RWD collected from pediatric patients by disease-specific registries and quality
improvement initiatives in real-world clinical settings have the potential to generate RWE for regulatory decisions,
in turn, accelerating access to treatments for pediatric indications [4,5]. Because outcomes data in disease-specific
registries are typically collected in clinical practice, registries may have partial or missing data, and the data may be
collected at variable timepoints, adding to the challenges of utilizing and evaluating RWD. Furthermore, the risk
of bias from partial and missing data needs to be addressed by the statistical methodologies applied.

The multiple imputation (MI) method has been widely used to deal with missing data and for parameter
estimation in the presence of incomplete data. The procedure creates multiple imputed datasets that can be
analyzed with standard software packages, and the results can be combined using Rubin’s rule [¢]. The assumption
for MI to be valid is that the data are missing at random, which implies that the probability for a data point
to be missing depends on data that are observed but not the missing value itself [7,8]. In this study, we used MI
to assess the impact of missingness in the ImproveCareNow (ICN) registry. ICN is a large, multicenter pediatric
inflammatory bowel disease (IBD) quality improvement and research network [9], and maintains a centralized
registry of standardized clinical data routinely collected in clinical practice at the time of diagnosis and at every
outpatient clinic visit for more than 50,000 patients with Crohn’s disease (CD) or ulcerative colitis [10]. The ICN
registry collects clinician-reported outcome measures, such as the Short Pediatric Crohn’s Disease Activity Index
(sPCDAI) and Physician Global Assessment (PGA) [11], to evaluate disease severity and to monitor therapeutic
responses [12-14].

In addition to outcome measures, the ICN registry also includes a variety of patient data such as patient demo-
graphics, clinical disease characteristics, laboratory values, medication use, prior surgery and nutrition status [9,10].
These rich patient-level data strengthen the missing at random assumption for MI in this RWE study. Furthermore,
the MI method has been successfully applied to ICN registry data for evaluation of the effectiveness of anti-tumor
necrosis factor-a (TNFa) agents in the management of pediatric CD [15]. Building on this previous work, we
extended the MI from 9 predictors and medication variables to 24, which predicted either the sSPCDAI component
scores or the missingness of these scores.

ICN data from pediatric patients with CD treated with ustekinumab, a monoclonal antibody to the p40
subunit of interleukin (IL)-12/IL-23 approved for use in adults with CD (16}, from 1 January 2007 through
31 July 2019 (n = 1696 ICN visits) [17] were examined in a feasibility analysis. Approximately 35.7% of participants
had documented moderate-to-severe CD (by PGA or corticosteroid use) at the ustekinumab initiation visit,
demonstrating that the registry is a suitable source of RWE to evaluate effectiveness of ustekinumab in children
with CD.

To address the problem of partial and missing data in this dataset, we designed the present study to evaluate
the performance of the MI method for estimating the clinical remission (defined as sSPCDAI<10) rate from data
collected in the ICN registry for pediatric patients with moderate-to-severe CD treated with non-ustekinumab
biologics.

Materials & methods
Study design & setting
The study included ICN registry data for pediatric patients who were treated with non-ustekinumab biologics
(primarily TNFa blockers, the name of the biologic agents in the records were masked) and who had no previous
exposure to ustekinumab from 1 January 2014 to 31 December 2019. Only data from patients not exposed to
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Starting dataset (n = 1458): Base-case missingness:

- ICN registry patients with CD, initiated % missing each sPCDAI component observed
a biologic (excluding ustekinumab) __,  Predictor selection: 24 out of 32 candidates
approved for CD in adults (1 January 2014 selected by stepwise regressions for continuous
to 31 December 2019) and categorized sPCDAI and components as

* Aged 2 to <18 years well as missingness

» Complete or partial SPCDAI =30 at a
visit in week (-12, 2) window
True clinical remission (%) at week 52:

l point estimate and 95% CI
Simulations:
Complete dataset (n = 1212): - Three scenarios of % missing: base-case,
» Complete sPCDAI components — 1.5x and 2x base-case level
at a visit in week 52 window (28-76) + 10,000 simulated datasets under each scenario

+ Multiple imputations with 20 repeats to
estimate clinical remission rate, relative bias,
and coverage probability

Figure 1. Study design diagram.
CD: Crohn’s disease; Cl: Confidence interval; ICN: ImproveCareNow; sPCDAI: Short Pediatric Crohn’s Disease Activity
Index.

Box 1. Inclusion criteria for data simulations.

e Documented Crohn'’s disease (CD) diagnosis in the baseline window

e Initiation of a biologic agent (i.e., index drug) approved for the adult CD indication in the USA (i.e., infliximab,
including the biosimilars, adalimumab, certolizumab, natalizumab, and vedolizumab) between 1 January 2014,
and 31 December 2019

e Aged between 2 and <18 years at the time of initiation of the index biologic. If a patient had multiple biologic

initiations that met all other inclusion criteria, then the date of the latest biologic initiation was used to

determine if the age criteria were met

At least 1 complete or partial sum of score for sSPCDAI >30 within the baseline window must be available

No exposure to ustekinumab between 1 January 2014, and 31 December 2019

At least 1 visit entered in the ICN Registry within the week 52 window

Provided informed consent or assent for the use of their data in the ICN registry for research purposes

ICN: ImproveCareNow; sPCDAI: Short Pediatric Crohn’s Disease Activity Index.

ustekinumab were used to preserve the integrity of the data from patients treated with ustekinumab for use in a
separate planned analysis of RWD from the ICN registry. Figure 1 summarizes the study design. Data management
and statistical analyses were conducted at Cincinnati Children’s Hospital Medical Center, Cincinnati, OH, USA.
The statistical analysis plan was developed and approved prior to study initiation.

Study procedures
Data simulations

To evaluate the performance of MI for handling missing data, a series of simulations were conducted, which
included the creation of missingness in the component scores of the sSPCDAI based on a subset of fully observed
data of ICN patients with moderate-to-severe CD treated with non-ustekinumab biologics. The MI method was
used to impute the missing remission statuses for the estimation of remission rates for each simulated dataset.
Missingness was defined as the status of a value missing for an outcome of interest (e.g., nonresponse) [18]. The
complete dataset used in the simulations was defined as the subset of patients with complete sSPCDAI components
at 52 weeks following treatment initiation.

A starting dataset was extracted from the ICN registry of patients who met the inclusion criteria (Box 1). Key
inclusion criteria included patients 2 to <18 years old who initiated treatment with a biologic agent other than
ustekinumab from 1 January 2014 to 31 December 2019, and who had both a baseline and week 52 visit. Baseline
and week 52 visits were chosen as primary time points and mimicked the key time points in an ongoing Phase 3 study
examining the effectiveness of ustekinumab in pediatric patients with moderate-to-severe CD (ClinicalTrials.gov
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Identifier: NCT04673357). Time windows were defined as -12 to +2 weeks around time-zero (T) for baseline
visit and 28 to 76 weeks from Ty for week 52 visit, +/-24 weeks around week 52 (Ts;), where Ty equals date
of first administration of non-ustekinumab biologic, and Ts; equals 1 year from Ty (+365 days). The week 52
visit was defined as a visit within the week 52 window for sSPCDALI evaluation. If there were multiple visits within
this time window, precedence was given to the visit(s) for which remission status could be determined algebraically
(i.e., sSPCDAI could be determined to be <10 or >10 based on all available nonmissing components) and closest
to Tsp; if the remission status could not be determined algebraically, the visit closest to Ts; was chosen. The
missingness pattern in each sSPCDAI component in this starting dataset was summarized (hereafter referred to as
the “base case”). The missingness follows a general missing data pattern, i.e., intermittent missingness. The other
type of missingness pattern is monotone missingness, which is common in longitudinal studies with dropout. The
subset of patients who had fully observed sSPCDAI component scores at the week 52 visit was extracted from the
starting dataset (hereafter referred to as the “complete dataset”). The true clinical remission rate used in the data
simulations was the remission rate calculated for the complete dataset.

For the simulations, missing data were randomly imposed on individual sSPCDAI components in the complete
dataset that matched the missing pattern, i.e., the missingness in each sSPCDAI component identified from the
starting dataset, as well as 1.5x and 2.0x the percentage of missingness in the base case. Ten thousand datasets
were simulated for each of the 3 scenarios.

Multiple imputation

MI was used to substitute values for the clinical remission status in the simulated datasets. Potential predictors
(i.e., the independent variables to be used in the MI) for various representations of the sSPCDAI end point were
identified based on predictors of sSPCDAI components previously reported [15] for another study using the same
starting dataset of ICN registry data. Separate regression models were used to identify predictors for sSPCDAI score
and components as well as for missingness of remission status. All of the data in the starting dataset were utilized
to allow for a more robust evaluation of these associations. For categorical covariates, “missing” was treated as a
category. All continuous covariates were categorized and treated as categorical predictor variables.

Next, the starting dataset was used to examine the association between the independent variables, the missingness
status of clinical remission at week 52, and the following representations of the SPCDAI end point: (1) clinical
remission status, i.e., dichotomized sSPCDAI>10 versus <10; (2) complete sSPCDAI composite score (range: 0-90
points); (3) categorized variable based on complete sSPCDAI composite score (remission = sSPCDAI score of 0-10;
mild = sSPCDAI score of 11-29; or moderate-to-severe = sSPCDAI score of 30-90); and (4) 6 individual components
of the sSPCDAL Logistic regression modeling was used for the two binary outcomes (clinical remission status and
missingness in clinical remission status), multiple linear regression modeling was used for the continuous sSPCDAI
composite score (range: 0-90 points), and cumulative logistic regression modeling was used for ordinal outcomes
(categorized sSPCDAI and individual sPCDAI components). Stepwise regression was used to select the variables
that were predictive of each end point. The threshold for retaining the predictors was defined as p-value <0.1.
The union of the selected variables were all included in the MI model as predictors. The SAS procedure PROC
GLMSELECT (SAS version 9.4, SAS Institute, Inc., NC, USA) was used for continuous outcomes, and PROC
HPGENSELECT was used for binary or ordinal outcomes.

After the artificial missing data were imposed, the clinical remission status was calculated in the complete dataset
and in each of the 10,000 simulated datasets. If the absence of clinical remission status could be determined with
partial component data, no imputation of the remission status was performed. If the clinical remission status could
not be determined, MI was performed.

The SAS PROC MI procedure was used for the MI within each of the 10,000 simulation datasets generated
for each scenario. The number of imputations within PROC MI was set to 20. A fully conditional specification
logistic regression method was used to impute the sSPCDAI components as ordinal outcomes. This fully conditional
specification may be applied to missing data with arbitrary missingness patterns. Cumulative logistic regression
models were used to impute all the missing sSPCDAI components, and complete sSPCDAI scores were calculated
by adding the individual component values. The missing clinical remission status was then calculated based on the
complete sSPCDAI score >10 versus <10.

Lastly, the 95% confidence interval (CI) for the clinical remission rate for each simulated dataset where missing
data were created was established. From the 20 imputed datasets for each simulation within each scenario (where
missing was replaced with imputed values), the clinical remission rates were summarized and aggregated to obtain
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Table 1. Missing patterns of sSPCDAI components observed at week 52 in the starting dataset.
Starting dataset (n = 1458)

Missing stool, n (%) 57 (3.9)
Missing abdominal pain, n (%) 8(0.5)
Missing well-being, n (%) 7 (0.5)
Missing abdominal mass, n (%) 53 (3.6)
Missing EIM, n (%) 4(0.3)
Missing body weight, n (%) 142 (9.7)

EIM: Extra intestinal manifestation; n: Number of patients; sSPCDAI: Short Pediatric Crohn’s Disease Activity Index.

the point estimates and 95% Cls. Rubin’s rule was used to aggregate the estimated remission rates (SAS procedure
PROC MIANALYZE) because this procedure combines across imputations and accounts for statistical uncertainties.
The 95% CI estimate for each imputed dataset was calculated using the “Wald” method, which used large-sample
normal approximation (the asymptotic standard error) [19].

MI performance was measured by relative empirical bias and coverage probability [20] of the true remission rate
derived from the complete dataset, the subset of data including only those patients who had all 6 components of the
sPCDAI scores 52 weeks after initiation of therapy (designated using the parameter value p). The absolute empirical
bias of the MI was estimated by taking the average of the differences between the estimated clinical remission rate
from each simulation and p. Relative empirical bias was estimated as absolute bias/p. Coverage probability was
calculated as the proportion of the 95% Cls that cover p out of the 10,000 simulations. As a comparison, we also
evaluated the performance of the before imputation results, which used only patients whose remission status could
be determined with observed sSPCDAI component scores.

Results

A total of 1458 patients met the simulation inclusion criteria and, as such, were included in the starting dataset. The
missing patterns of SPCDAI components observed at week 52 in the starting dataset are summarized in Table 1.
Of these patients, 83% (1212/1458) had all 6 of the sSPCDAI components available at week 52 for calculating
the sSPCDAI score; therefore, these 1212 patients comprised the complete dataset. The true clinical remission rate
calculated for the complete dataset (p) was 75.1% (95% CI: 72.6%, 77.5%), which was used as the benchmark for
evaluating the performance of the MI method.

Variable selection yielded a total of 24 candidate predictors for all 10 of the representations of the outcomes at
week 52 (Table 2), which were included in the MI model. One variable, PGA, was considered « priori to be the
most relevant predictor and was kept in all the models. In the 10,000 simulated datasets for the base case, the mean
missing percentage in remission status at week 52 was 11.5% (standard deviation [SD] = 1.2%; 95% CI: 7.0%,
16.0%). The distribution of clinical remission rate estimates at week 52, when the missingness was simulated for
the base case, 1.5x and 2x that of the starting dataset, was reported (Table 3).

The mean clinical remission rate after MI was 74.8% (SD = 0.2%; 95% CI: 74.4%, 75.2%). Determining
the clinical nonremission status for those patients whose partial sum of sSPCDAI components was >10, while
discarding those whose remission status could not be determined by available sSPCDAI components resulted in an
underestimation of the clinical remission rate (72.6% [SD = 0.4%; 95% CI: 71.8%, 73.3%]) compared with when
MI was used (74.8% vs 72.6%) (Table 3).

In all 3 simulated scenarios (base case, 1.5x and 2.0x), the relative empirical bias in the estimates of the clinical
remission rate after MI (-0.38%, -0.60% and -0.84%, respectively) was only approximately 11.5% of that before
imputation (-3.3%, -5.16% and -7.18%, respectively) and 28.6% more in coverage probability (100% vs 71.40%)
(Table 4). In the base case, where the missingness was simulated at 1.0 that observed in the starting dataset, the
MI method showed minimal relative empirical bias (-0.38%) compared with the true clinical remission rate. The
95% Cls included the true clinical remission rate 100% of the time. Accordingly, the findings for the base case were
supported by the additional analyses when the missingness was simulated at 1.5x and 2x of the starting dataset.
The relative empirical biases remained low (<-1.0% in all 3 simulated scenarios) after MI, while the length of the
95% Cl increased slightly with the increase in the amount of missing data, and the coverage probabilities remained
100%.
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Table 3. Distribution of week 52 clinical remission rate estimates.

True remission rate in the complete dataset: 75.1%

Extent of simulated missingness of sPCDAI Percent remission with no imputation (%) Percent remission with multiple imputation® (%)
components’

1.0x Base case’$

Mean (SD) 72.6 (0.4) 74.8 (0.2)
Median (25th, 75th percentile) 72.6 (72.4,72.9) 74.8 (74.7, 74.9)
95% Cl 71.8,73.3 74.4,75.2
Min, Max 71.0,73.9 74.0, 75.7

1.5x Base case

Mean (SD) 71.2(0.5) 74.6 (0.3)
Median (25th, 75th percentile) 71.2(70.9, 71.6) 74.6 (74.5, 74.8)
95% Cl 70.2,72.2 74.1,75.1
Min, Max 69.3,72.9 73.6,75.6

2x Base case

Mean (SD) 69.7 (0.6) 74.5(0.3)
Median (25th, 75th percentile) 69.7 (69.3, 70.1) 74.5 (74.3, 74.6)
95% Cl 68.5,70.8 73.9,75.0
Min, Max 67.0, 72.1 73.4,75.5

T Statistics based on 10,000 simulated datasets per scenario.

#Twenty imputations were performed per simulated dataset.

SBase case determined by pattern of missingness in the starting dataset.

Cl: Confidence interval; Max: Maximum; Min: Minimum; SD: Standard deviation; SPCDAI: Short Pediatric Crohn’s Disease Activity Index.

Table 4. Empirical biases and coverage probabilities (of the 95% Cl) for multiple imputation.

Relative biases’ (mean with 95% CI)

Scenario 1.0x Base case 1.5x Base case 2.0x Base case

Before multiple imputation -3.30% (-4.32%, -2.33%) -5.16% (-6.52%, -3.90%) -7.18% (-8.79%, -5.68%)

After multiple imputation -0.38% (-0.92%, 0.16%) -0.60% (-1.25%, 0.08%) -0.84% (-1.61%, -0.08%)
Coverage probabilities*

Scenario 1.0x Base case 1.5x Base case 2.0x Base case

Before multiple imputation 71.40% 0.80% 0%

After multiple imputation 100% 100% 100%

TRelative bias = femission rate from the simulated data-Tue remission rate » 100 %. The true clinical remission rate was calculated from the complete dataset (75.1%).

fCoverage probability was the percent of times the clinical remission rate was in the 95% Cl for each simulated scenario.
Cl: Confidence interval.

Discussion

Our study demonstrated the robustness of using MI as the primary analytical method for estimating the week
52 clinical remission rate in RWD from the ICN registry. The simulations showed that the MI method reduced
nonresponse bias in the clinical remission rate observed from only using the available sSPCDAI score (i.e., observed
before imputation) by selecting a large number of predictors readily available in the ICN registry. Information
was borrowed from rich data from other variables to predict the values of the missing sSPCDAI components,
and information from auxiliary variables was used to improve the estimation of the clinical remission rate by
reducing relative empirical bias and improving coverage probability. Additionally, in comparison to the true clinical
remission rate of 75.1%, performing a complete-case analysis for the datasets before simulation (i.e., an analysis
restricted to patients with complete remission status data) resulted in approximately 3% to 7% relative empirical bias
(underestimation) and coverage probabilities of the true clinical remission rate by a 95% CI of 0% to 71.4% across
the 3 simulated scenarios. MI reduced nonresponse bias and had good coverage under the simulated missingness of
up to 2.0x that observed in the starting dataset. The amount of missingness did not have an impact on the bias for
the MI method, while the bias of the complete-case analysis method increased with the amount of missing data.
Another imputation method called nonresponder imputation, which is more conservative and assumes those with
a missing remission status are not in remission, will further bias the remission status from the true value [21].

.... 10.57264/cer-2022-0136
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This study does have a few limitations. The MI method is based on the assumption that data are missing at
random and that all the factors that were predictive of the outcomes and missingness were included in the missing
data imputation model, which may not be true in this study; consequently, we included as many relevant variables
as possible from the ICN registry to strengthen the assumption. In contrast, as previously mentioned, using MI to
substitute values for the missing data outperformed selectively omitting the patients with the missing data (e.g., with
unavailable sSPCDAI components), as selective omission may result in underestimation. Additionally, categorizing
the continuous variables may have resulted in a potential loss of information or may have distorted the relationship
among variables; however, it allowed for including more patients in our analysis by including a missing category for
these patients. Furthermore, the outcomes were not measured exactly at Ty and Ts; but rather within a window of
Ty and Ts; due to the observational nature of RWD studies; discretizing the time windows into Ty and Ts; may
have resulted in a potential loss of information. Finally, only data from ICN patients not exposed to ustekinumab
were used to avoid making any inference about these patients prior to regulatory agency approval of a future study
protocol and statistical analysis plan for a separate, planned analysis of RWD from the ICN registry. Although
patients receiving ustekinumab may be different from patients not receiving ustekinumab with regard to disease
severity, we do not expect the association between the clinical remission status and the predictors to be different
between the 2 patient groups.

Although not an issue for this study, for studies involving complex analytical models, it is important to ensure
the compatibility between the analytical model and the imputation model, which can be achieved by using an
imputation model that is more general than the analytical model [22]. For example, if the analytical model involves
significant interaction between 2 variables or the transformation of a variable, the imputation model should include
these as well [23]. White and colleagues presented a nice tutorial of the MI method with a fair discussion of the
limitations and pitfalls [22).

Despite these limitations, the use of RWD from disease-specific patient registries, such as ICN, and the use of
scientifically robust methodologies, such as data simulation and MI, have the potential to generate relevant and
reliable RWE that accelerates regulatory approvals and informs patient care [4]. Our study utilized ICN registry data
as well as data simulations and MI to estimate clinical remission rates from the sSPCDAI score, an outcome measure
commonly used in clinical trials. The overall methodology that was utilized is not specific to the sSPCDAI end point
and may be applied to deal with any missing outcome in rich data where many relevant variables were measured. In
a similar manner, Forrest and colleagues utilized ICN registry data to compute clinical remission rates comparable
with those observed in single-group efficacy studies among children and controlled clinical trials among adults [15].
Extracting and analyzing ICN registry data for the period of April 2007 to March 2012, they found that 8.0% of
the sSPCDAI components were missing across the full dataset (4130 patients with CD) and that 41% of the ICN
visits (20,456) had at least 1 missing component; in turn, they used MI to address the missingness observed. Other
RWE studies have reached conclusions similar to those from randomized clinical trials, demonstrating the validity
of using RWD [24,25).

Pediatric IBD data prospectively collected by the ICN registry are a relevant, reliable, and rich source of RWD
for evaluating the effectiveness of IBD treatment strategies in the pediatric population. Although some regulatory
authorities have established a framework [26] for the use of RWD to generate RWE that supports the approval
of new indications for IBD treatments, the need to establish a consistent approach for minimizing the impact of
partial and missing data from RWD sources remains. The MI method that we applied may serve as a model for
other RWD registry analyses.

Conclusion

The MI method both optimized and maximized the use of real-world registry data for estimating clinical remission
status in pediatric patients with CD, making this scientific methodology a valuable approach for addressing missing
data in other studies of real-world registry data where missingness is assumed to occur at random.
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Summary points

e Disease-specific patient registries are sources of real-world data for studying treatment effectiveness in pediatric
Crohn’s disease (CD); however, missing data in these registries presents an analytical challenge.

e The ImproveCareNow registry routinely collects clinical remission data, particularly the Short Pediatric Crohn'’s
Disease Activity Index (sPCDAI).

o A feasibility analysis of ImproveCareNow remission data, from baseline (first ustekinumab dose induction) to
week 52, found that approximately one-third of patient visits had incomplete sPCDAI data (29.7% [503/1696]).

e Utilizing ImproveCareNow registry data for pediatric patients with moderate-to-severe CD treated with
non-ustekinumab biologics as a case study, we evaluated use of the multiple imputation method to impute
clinical remission (defined as sSPCDAI<10) statuses.

e Missing data patterns were randomly imposed on a completely observed dataset, and various percentages of
missing data were simulated.

e Multiple imputation was applied to the simulated datasets to estimate clinical remission rate.

e The true remission rate (75.1% [95% Cl: 72.6%, 77.5%]) was underestimated without imputation (72.6% [71.8%,
73.3%]); with multiple imputation of the missing data, the estimate was 74.8% (74.4%, 75.2%).

e The multiple imputation method reduced nonresponse bias and improved the validity, reliability, and efficiency
of using real-world data from an inflammatory bowel disease registry to estimate the clinical remission rate in
pediatric patients with CD.
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