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Abstract

Artificial intelligence-based medical prediction models are often affected by incomplete datasets
containing missing values, which can significantly reduce model reliability and predictive performance.
Among various imputation approaches, Multiple Imputation by Chained Equations (MICE) is widely
used in medical data analysis because it models each variable using the conditional distributions of the
remaining variables while reflecting uncertainty in the imputation process. Chronic obstructive pulmonary
disease (COPD) is a chronic respiratory disorder characterized by persistent airflow limitation, requiring
early diagnosis and continuous monitoring for improved prognosis. In this study, a pulmonary function
test dataset collected from 598 subjects over a two-year period was used to investigate the effects of time-
series sampling and missing-data imputation on prediction performance. An adaptive selection method
was proposed for the initialization strategy and maximum iteration count of the MICE algorithm based on
the statistical characteristics of representative pulmonary function indicators, including FEV1, FVC,
FEF25-75%, and PEF. Different missing rates were artificially introduced, and the performances of
Piecewise Cubic Hermite Interpolating Polynomial (PCHIP) and multivariate iterative regression-based
MICE were compared. Experimental results demonstrate that the proposed adaptive MICE strategy
maintains stable predictive performance under increasing missing rates and provides reliable predictive
information by effectively reflecting multivariate correlation structures.

Introduction

As artificial intelligence models improve in both accuracy and reliability, their application in the medical
field continues to expand. However, several challenges remain significant obstacles, including difficulties
in securing large datasets, class imbalance, and the prevalence of missing values'?. Medical data is
particularly difficult to collect and share on a large scale due to privacy protection regulations and
heterogeneity across institutions, equipment, and regions. Electronic medical record data collected in
actual clinical environments often contains severe class imbalance, with critical diseases or rare events
existing as minority classes. Furthermore, missing values arise from various patterns due to selective test
administration, discontinued follow-up observations, and recording omissions. If not properly addressed,
these missing values can lead not only to degraded prediction performance but also to biased inference
and incorrect clinical decisions.

Among various missing-data imputation methods, Multiple Imputation by Chained Equations (MICE) has
been widely adopted because it models each variable using the conditional distribution of the remaining
variables, appropriately reflects uncertainty in the imputation process, and performs well under the
assumption that missing values occur at random*°. MICE employs a fully conditional specification
approach, fitting appropriate regression models for each variable in multivariate data containing both



continuous and categorical variables, and then performing iterative imputation in a chained-equation
format. Despite its widespread use as the de facto standard tool for multiple imputation in medical and
epidemiological research, studies have reported that random forest-based or latent-space-based imputation
techniques show superior performance when strong variable interactions or nonlinearity exist, or when the
missing mechanism deviates from the Missing-At-Random (MAR) assumption®. Therefore, algorithm
selection and tuning strategies that account for data characteristics remain important research topics.

In respiratory medicine, these missing-data issues are particularly important in longitudinal prediction
tasks for Chronic Obstructive Pulmonary Disease (COPD), which requires early diagnosis and continuous
monitoring. COPD is a chronic respiratory disease that causes chronic airflow obstruction due to chronic
bronchitis or emphysema. The airway lumen narrows, or lung elasticity decreases, making breathing
increasingly difficult in this irreversible chronic respiratory disease. According to the World Health
Organization (WHO), COPD ranked as the third leading cause of death worldwide in 2019, accounting
for approximately 6% of all deaths’. As a disease requiring long-term management, early diagnosis and
active management play crucial roles in improving prognosis.

Recent deep learning-based research on predicting COPD severity progression has been actively
conducted. However, improper handling of missing data, model uncertainty, and datasets too small
relative to the number of predictor variables are identified as the greatest risk factors for bias®. The
optimal method for handling missing data is not simply to delete cases containing missing data, but rather
to mitigate their impact. While various imputation methods have been proposed to replace missing data
with appropriate values, no definitive imputation method exists that is suitable for all cohort study
datasets’.

Pulmonary function tests (PFT), primarily used for COPD diagnosis, have the advantages of relatively
low cost and repeatability. In particular, indicators such as FVC (Forced Vital Capacity), FEV1 (Forced
Expiratory Volume in 1 Second), FEF25-75% (Forced Expiratory Flow at 25-75%), and PEF (Peak
Expiratory Flow) are useful for quantitatively evaluating lung function decline. These indicators have
close correlations with each other and change nonlinearly over time. In actual clinical settings, patient
visit times are irregular, leading to irregular measurement intervals in PFT time-series data. The
nonlinearity makes it difficult to preserve clinically meaningful patterns using only univariate imputation
methods, making the missing value imputation problem critical when constructing prediction models'®!",

This paper proposes an adaptive selection method for adjusting the initialization strategy and maximum
number of iterations in the MICE algorithm. We analyze the statistical characteristics of representative
pulmonary function indicators (FEV1, FVC, FEF25-75%, PEF) used in pulmonary disease diagnosis and
validate the proposed MICE algorithm parameter selection method by applying it to actual pulmonary
function time-series data. The main contributions can be summarized as follows: First, we interpret
pulmonary function test time-series data not as univariate independent time series but as multivariate
time-series data with correlation structures between variables, systematically analyzing the clinical
significance and statistical characteristics of each pulmonary function indicator. Second, reflecting these
characteristics, we present theoretical grounds for initializing MICE imputation techniques and setting
iteration counts, applying these to actual pulmonary function data. Third, by comparing MICE and PCHIP
(Piecewise Cubic Hermite Interpolating Polynomial) imputation under the same LSTM prediction model
structure in environments with different missing rates (5%, 10%, 20%), we quantitatively analyze trends
in prediction performance according to imputation methods and their potential applicability.



Methods

This retrospective study used longitudinal pulmonary function test data collected from patients who
underwent repeated measurements at Chungnam National University Hospital. The study protocol,
including data access, de-identification, and analysis procedures, was reviewed and approved by the
Institutional Review Board of Chungnam National University Hospital (Approval No. CNUH IRB 2025-
11-008). The Chungnam National University Hospital IRB was selected because the original clinical data
used in this study were collected and managed by Chungnam National University Hospital, which served
as the data-providing clinical institution for this retrospective study; the authors’ affiliated institutions
performed secondary data analysis under the approved protocol. All methods were carried out in
accordance with the Declaration of Helsinki and relevant guidelines and regulations. Because this study
used pre-existing retrospective clinical records and all data were analyzed after de-identification, the
requirement for informed consent from the subjects and/or their legal guardians was waived by the
Institutional Review Board of Chungnam National University Hospital.

Clinical Meaning and Statistical Properties of PFT Variables

Pulmonary function tests (PFTs) measure time-volume and volume-flow curves during a
maneuver from maximal inhalation to maximal exhalation and back to maximal inhalation. This
section examines the clinical significance and statistical characteristics of the major PFT
measurement indicators. This characterization provides the theoretical background for designing
missing-value imputation strategies that reflect variable-specific characteristics.

A. Linearity and Ratio Characteristics of FEVI and FVC

FEV1 is the volume of air exhaled during the first second after maximal inhalation and serves as a
representative indicator of the degree of bronchial constriction. In obstructive lung diseases, including
COPD, FEV1 tends to decrease progressively over time, making it useful for predicting disease
progression'?, FVC is the total volume of air exhaled after maximal inhalation and is an indicator related
to total lung capacity. It generally exhibits lower variability and more stable characteristics compared to
FEV1". Particularly in healthy adult populations, FEV1 and FVC show a strong linear correlation, and
prior studies have approximated this relationship using linear regression models'.

Property 1. Linear relationship between FEV1 and FVC

In healthy adult populations, forced expiratory volume in 1 second (FEV1) and forced vital capacity
(FVC) can be approximated by the following linear regression relationship:

FEVI =a-FVC+ B +¢ (1)
, where € 1s an error term with mean zero.

Rationale. FEV1 and FVC are indicators measured during the same forced expiratory maneuver, derived
from the same lung volume-time curve. Therefore, the conditional expectation of FEV1 can be expressed
linearly with respect to FVC, establishing E[FEV1|FVC] = a - FVC + f. Including observation error
yields (1). m

Property 1 indicates that FEV1 and FVC are not statistically independent, suggesting the limitations of
univariate approaches that treat the two variables separately during missing-value imputation.

The ratio indicator widely used clinically in pulmonary function tests is defined as follows:



FEVI _ measured FEV1

= 2
FvC measured FVC ( )
FVC __ measured FVC (3)
predicted FVC - predicted FVC

Implication 1. Nonlinearity of the FEV1/FVC Ratio

By Property 1 and (2) and (3), the FEV1/FVC ratio is derived as the following nonlinear relationship'*:

FEVI _ aFVC+B _ B
Ve - e TR )
. L . . FEVI _ B | €
Rationale. Dividing both sides of (1) by FVC yields Ve = ¥t tee From an expected value

perspective ignoring the error term, (4) holds. m

Therefore, the FEV1/FVC ratio is a nonlinear indicator dependent on FVC, and simple mean-based
approaches may be inappropriate for missing value imputation'?.

B. High Variability Model of FEF25-75%

FEF25-75% represents the average airflow rate between 25% and 75% of FVC and is sensitive to small
airway obstruction. This indicator exhibits large inter-individual variability and shows relatively large
residual variance even when considering covariates such as age, height, and weight!®!5. These
characteristics indicate that FEF25-75% exhibits higher variability than other pulmonary function
indicators.

Property 2. High unexplained variability of FEF25-75%

The mid-expiratory flow indicator FEF25-75% can be conceptualized by the following covariate-based
regression equation:

FEF25-75% = yy + y; - age + v, - height + y; - weight + 1 &)

FEF25-75% is defined as the average flow rate in the middle section of FVC and is sensitive to individual
small airway function. Therefore, even when it is modeled using regression (5) including age, height, and
weight, the variance of the residual term 7 remains relatively large!”!%.

In practice, FEF25-75% has a coefficient of variation of approximately 20-30%, which is about 2-3 times
higher than that of FEV1 or FVC'®!7. This characteristic suggests the need for imputation techniques that
are robust to outliers when handling missing FEF25-75% values.

C.Time-Series Variability of PEF

PEF represents the instantaneous maximum airflow rate reached during maximal-effort exhalation. This
value is sensitive to measurement timing and patient effort level, and has been reported to exhibit
repetitive variation patterns according to time of day'®. This within-day variability indicates that PEF is
not a static single value but a time-series variable that changes systematically over time.

Assumption 1. Periodic component in PEF over time

Peak expiratory flow (PEF) can be expressed as a time-series variable with the following periodic
structure with respect to time t (quarter index):

PEF(t) = PEFyqseiine + A - sin (2 + ¢) + (£) (6)



Rationale. PEF is the instantaneous maximum flow achieved during maximum exhalation and is known
to have within-day variability. Modeling the expected value over time as a periodic function yields
(6)19’20. m

This highlights the importance of temporal features when imputing missing PEF values.

D.Multivariate Covariance Structure

As discussed above, major pulmonary function indicators possess different statistical characteristics—
such as linear dependence, high variability, and periodicity—yet are measured simultaneously during the
same forced expiratory process. Therefore, it is reasonable to interpret these variables not as independent
univariate data but as multivariate data with mutual dependencies®'.

Property 3. Multivariate covariance structure of pulmonary function indicators

The major pulmonary function indicator vector ¥ = [FEV1,FVC,FEF25-75%,PEF]” can be expressed
with the following variance-correlation structure as a covariance matrix:

oty P120102  P130103  P140104
¥ = P12010; 0222 P23C;203 P240204 %
P130103  P230,03 033 P340304
P140104  P240204 P340304 iy

, where o represents the variance of each pulmonary function indicator, and p; ;j represents the
correlation coefficient between indicators i and j. Property 1-2 and Assumption 1 showed that each
pulmonary function indicator is measured during the same forced expiratory process and shares different
statistical characteristics: linear dependence (FEV1-FVC), high variability (FEF25-75%), and periodicity
(PEF). Due to these characteristics, for any two variables i, j € {FEV1,FVCFEF,PEF}, correlation
coefficient p;; can have non-zero values. Accordingly, covariance can be expressed as:

Cov(Y;, Y}) = pijoig; (®)
Organizing this for all variable pairs yields the covariance matrix in (7). m

Property 3 justifies that the major pulmonary function indicators are not independent univariate data but
multivariate data with an explicit correlation structure. Accordingly, adopting the MICE technique—
which can reflect this covariance structure—as a missing-value imputation method is appropriate.

Theoretical Basis for MICE Parameter Settings

Pulmonary function indicators maintain strong inter-variable correlations; however, in actual
clinical settings, observation intervals are irregular due to irregular visit cycles and missing values
occur frequently. Such missingness alters the statistical structure of the time series and weakens
the correlation structure among variables, making it difficult to accurately reflect inter-variable
dependencies. This can negatively affect both the learning process and the performance of
prediction models. MICE is well suited as a multivariate missing-data handling method to address
these issues, and its main hyperparameters—initial imputation strategy and maximum number of
iterations—should be set in accordance with the statistical characteristics of pulmonary function
variables.



A.Stability of Iterative Imputation Algorithm and Number of Iterations
MICE is a chained-equation-based imputation technique that iteratively estimates missing values of each
variable using the conditional distributions of other variables. The stability of this iterative conditional

estimation process is closely related to the convergence concepts discussed in Markov Chain Monte Carlo
(MCMC) theory.

Background 1. Convergence diagnostics for iterative imputation

In the MICE algorithm, the number of iterations is directly related to the stability of imputation results,
and whether the iterative estimation process has stabilized can be evaluated through variance ratio-based
indicators. The stability of MCMC-based iterative algorithms can be assessed using the Gelman-Rubin
diagnostic indicator. The stability indicator at iteration step k is defined as follows*?%%3

5 V(k
RGO = [53 ©)

, where W is the within-sequence variance and V is the total variance including the between-sequence
variance. As R (k) approaches 1, the iterative estimation process is considered to have stabilized. Since
MICE shares the same iterative structure as MCMC-based algorithms, setting the number of iterations is a
key factor for ensuring imputation stability.

B.Stability of Iterative Imputation Algorithm and Number of Iterations
The number of iterations required in iterative imputation algorithms is influenced by the covariance
structure and convergence characteristics of the data. In particular, the convergence speed of iterative
conditional estimation is known to be governed by the minimum eigenvalue of the covariance matrix.

Design Guideline 1. Lower bound for the maximum number of iterations

For multivariate data with covariance structure, the lower bound of the maximum iteration count /4, for
the iterative imputation algorithm can be expressed as follows**

Amin)
Imax = max {[ 29 ] 0} 10

max log (Etargel) ( )
Justification. A, 1s the minimum eigenvalue of the covariance matrix, representing the direction that
converges most slowly in the iterative estimation process. The unconverged ratio after [ iterations
decreases geometrically, and the minimum number of iterations to reach the target stabilization level
Erarget 15 derived as in (10)*,

In practice, a minimum iteration count of 10, as recommended in the literature, is commonly used as the
lower bound. m

In this study, the default iteration count is set to 14 to ensure stable convergence, accounting for the
strong collinearity between FEV1 and FVC and the slower convergence associated with the time-series
variability of PEF.

C.Adjusting Iteration Count Considering Variable-Specific Variability

Pulmonary function variables differ in their variability, and these differences directly affect the
convergence speed in the iterative imputation process.

Heuristic 1. Adjusting iterations according to variable-specific variability



The iteration count /; for variable j is adjusted proportionally to the coefficient of variation (CV,
Coefficient of Variation) of that variable:

CV;

I; = (11)

Rationale. FEF25-75% has a coefficient of variation 2-3 times higher than that of FEV1 and FVC.
Variables with high variability maintain large variance in their estimated values throughout the iterative
imputation process; therefore, applying a uniform iteration count may delay convergence* %,
Accordingly, adjusting the iteration count in proportion to the relative variability with respect to the
average coefficient of variation is theoretically justified. m

Therefore, in this study, the iteration count for the high-variability variable FEF25-75% is set to 20.

D.Variable-Specific Setting of Initial Imputation Strategy

The initial imputation strategy in MICE determines the starting point of the iterative imputation process,
and any bias introduced at this stage can propagate through all subsequent iterations.

Design Guideline 2. Variable-specific initialization strategy in MICE

According to the statistical characteristics of variable j, the initial imputation strategy S; is set as
follows?:

(12)

_ (mean if skewnessj < 0 and CV; < o)
J median if skewnessj >0orCV; 2 0

Rationale. For variables that are approximately normally distributed with low variability, mean-based
initialization is appropriate because the mean accurately represents the central tendency. Conversely, for
variables with high skewness or high variability, median-based initialization provides a more robust
starting point, as the mean is sensitive to outliers**, m

Accordingly, the mean-based initialization is applied to FEV1 and FVC, while the median-based
initialization is applied to FEF25-75% and PEF.

Imputation Processing Procedures, Dataset Construction, and Evaluation
Strategy

Given that pulmonary function indicators exhibit strong inter-variable correlations and
considerable noise may be introduced during the measurement process, MICE-based missing-
value imputation is applied. Random forest is used as the MICE estimator because it can
effectively reflect nonlinear relationships and interactions among variables. This configuration
enables more stable estimation of the complex dependency structure among pulmonary function
indicators.

The overall data processing procedure consists of three main stages: (1) time-series sample
window partitioning, (2) missing value imputation and label generation, and (3) training dataset
construction and evaluation strategy establishment (Figure 1).



A.Time-Series Sample Window Partitioning
Patient-specific time-series data are partitioned into fixed-length sliding-window units to generate
samples suitable for model training. Each window is classified as either a complete sample or a sample
containing missing values, based on the presence of missing entries in the raw data before imputation.
This classification provides basic information for identifying missing-data patterns and determining the
scope of imputation. Additionally, imputation methods are applied to time-series samples containing
missing values in order to analyze the performance of the imputation techniques?'.

Dates | Values
20-1Q 2
Index Dates | Values Index | Dates | Values Index | Dates | Values
r 20-2Q 3
0 20-01-05 1 0 20-1Q 2 0 20-1Q 2
20-3Q
1 20-02-25 2 ™M 1 J220| 3 M 1 |[2020]| 3
Dates
2 20-04-02 3 2 20-3Q 4 2 20-3Q 4 M
b 20-2Q 3
3 20-07-03 4 3 20-4Q 5 3 20-4Q 5
20-3Q 4
4 20-10-15 5 4 21-1Q | NULL 4 21-1Q | 55 2040
5 | 210516 | 6 5 |2120| 6 5 |2120| 8 —- Ll Merge and Spit

Dates | Values (Train/ Validation / Test)
.l Raw_Index_list: Ly| 20-3Q 4
o1 204Q 5

,_,| Imputed_Index_list: I_ 21-1Q | 55 _
Imputed_sample_list
23 Dates | Values i 0

2040 | 5
Teria| ss
21-2Q 6

Figure 1. Imputation and sample construction process for PFT time-series data

B.MICE-Based Missing Value Imputation and Label Generation

Two initialization strategies were compared to analyze performance differences according to the MICE
initialization method. The mean-only method applies mean-based initialization to all four core pulmonary
function indicators (FEV1, FVC, FEF25-75%, and PEF). In contrast, the adaptive method reflects
variable-specific statistical characteristics by applying mean-based initialization to FEV1 and FVC, and
median-based initialization to FEF25-75% and PEF.

The adaptive initialization strategy is used as the baseline setting because it reflects the variable-specific
characteristics analyzed in the Method section. The setting is intended to minimize bias in the initial
estimates and ensure convergence stability according to the statistical characteristics of each indicator. In
addition, the baseline maximum iteration counts are determined by considering differences in
convergence speed across variables. These settings are selected by balancing imputation accuracy and
computational efficiency and are used as the reference configuration for analyzing performance

Parameter Initialization strategy Max iterations
FEF25-75% median 20
FEV1 mean 14
FVC mean 14
PEF median 14

Table 1. Baseline hyper-parameters configuration for the tuned MICE experiment



differences according to changes in iteration count. Table 1 presents the baseline imputation parameter
settings used in this study.

The Result section compares and analyzes the effects of changes in the initialization method and iteration
count on prediction performance based on these settings.

After imputation is completed, indicator values such as FVC, FEV1, and FEV1/FVC ratio are
recalculated from the imputed variables. Using these pulmonary function indicators, labels corresponding
to four COPD categories (Normal, Restrictive, Obstructive, and Mixed) are generated for each time-series
sample. These labels serve as reference information reflecting the clinical state of each time-series sample
and are used as auxiliary information for subsequent dataset construction and interpretation of the
prediction results.

C.Training Dataset Construction and Evaluation Strategy
After imputation, the generated time-series samples are managed separately as original samples and
imputed samples. Here, original samples are segments that contained no missing values before
imputation, whereas imputed samples refer to segments that originally contained missing values and were
subsequently imputed. In the final learning stage, the two sample sets are integrated into a single dataset,
randomly shuffled, and split into training, validation, and test sets.

Subsequently, dataset construction and evaluation are performed based on the entire data including
imputed samples. This configuration aims to quantitatively analyze the effects of imputation parameter
setting changes and missing rate increases on time-series prediction model performance.

LSTM-Based Pulmonary Function Time-Series Prediction Model

An LSTM-based regression model is constructed to predict pulmonary function values at future time
points using imputed pulmonary function time-series data. This section defines the time-series data-based
prediction problem, describes the structure of the LSTM-based prediction model, and explains the model-
training procedure and performance-evaluation metrics.

A.Time-Series Prediction Problem Definition

Pulmonary function test data constitute multivariate time-series data repeatedly measured for each patient
over a long period. In this study, the prediction problem is defined such that pulmonary function test data
from the past two previous time points are used as input to predict pulmonary function values at the next
time point. In other words, from a time-series perspective, data at time points T-1 and T are used as input
to predict pulmonary function values at time point T+1. This input-output structure reflects the gradual
temporal change patterns of pulmonary function indicators.

The model input consists of multivariate time-series data that include pulmonary function test indicators
and the patients' basic clinical information. The major pulmonary function indicators include FVC, FEV1,
FEF25-75%, and PEF. These variables are measured during the same forced expiratory process and are
mutually correlated while also changing over time. Therefore, the model is designed to jointly utilize
multivariate time-series information together to predict pulmonary function values at future time
points?”-8,



B.LSTM Structure

LSTM, which is effective for learning temporal dependencies in time-series data, was proposed to
overcome the limitations of conventional recurrent neural networks in modeling long-term dependencies
and has been widely used in time-series data analysis and prediction tasks’.

The overall time-series analysis architecture consists of LSTM layers followed by fully connected layers.
The LSTM layers extract temporal features from the input time-series data, and the extracted features are
transformed into final prediction values through the fully connected layers. Through this process, the
model learns the temporal change patterns of pulmonary function indicators and estimates pulmonary
function values at the next time point.

The input sequence length of the model is set to 2. This setting is consistent with the problem definition,
in which pulmonary function values at the next time point are predicted using data from the two previous
time points. This sequence configuration supports stable model training while reflecting the temporal flow
of quarterly pulmonary function time-series data.

In addition, the same LSTM-based prediction model structure is maintained across all experiments to
compare performance differences according to the imputation technique or imputation parameter settings.
In other words, the analysis focuses on the effects of differences in input-data imputation methods on
prediction performance rather than on changes in the model structure itself.

C.Model Training Setting and Evaluation Metrics
A regression-based learning approach was applied during model training in accordance with the
characteristics of the time-series prediction problem. To evaluate the model's generalization performance
more robustly, 5-fold cross-validation (K-fold cross-validation, K=5) was applied. Models were trained
independently for each fold, and after training, the final-epoch model for each fold was evaluated on the
corresponding test data. Final performance was calculated by averaging the test results across the 5 folds.
The Adam optimizer was used for model optimization, with the learning rate set to 0.001 and the batch
size set to 327!,

Mean Squared Error (MSE) is used as the loss function to minimize prediction error during model
training;:

1 .
MSE = -%7; (v — 9)° (13)
, where y; is the actual value, J; is the predicted value, and n is the total number of samples.

Additionally, to quantitatively analyze the effect of changes in imputation methods on prediction model
performance, regression-based performance metrics MAPE (Mean Absolute Percentage Error), MAE
(Mean Absolute Error), RMSE (Root Mean Squared Error), and R? (Coefficient of Determination)
indicating how much of the variance in actual data the model explains are used:

1 i—Ji
MAPE = =37, |¥| x 100 (14)

1 ~
MAE:; ?:1 |yi_yi| (15)

RMSE = 251, (- 902 (16)



Y, i—9)?
R? =1 — Zea i 1
S, i—y)? (17

, Where y represents the mean of actual values.

Specifically, MSE is used as the loss function during model training, and RMSE, MAE, MAPE, and
coefficient of determination are used to evaluate prediction performance in experimental result analysis.
Additionally, prediction performance is compared while maintaining the same LSTM prediction model

and varying imputation techniques and imputation parameters.



Results

Experiments were conducted to quantitatively analyze the effects of imputation techniques applied to
pulmonary function time-series data on prediction-model performance under missing rates of 5%, 10%,
and 20%. MICE, a multivariate correlation-based imputation technique, and PCHIP, a curve-based
imputation technique, were compared under the same LSTM-based prediction model and training
conditions. Additionally, further experiments were conducted to analyze the effects of the iteration count
and initialization method on prediction performance during the MICE imputation process, and the results
are reported as average metric values based on 5-fold cross-validation.

Performance Comparison by Imputation Technique

When PCHIP imputation is applied, stepwise age calculation based on January 1 is used for 'age', linear
imputation is applied to 'height' and 'weight', and monotone cubic imputation is applied to core pulmonary
function indicators. When MICE is applied, the same preprocessing rules are applied to 'age', 'height’, and
'weight', but MICE imputation is applied to core pulmonary function indicators.

The performance comparison results by imputation technique across missing rate (Table 2) show that
PCHIP provides relatively consistent performance over all missing rate conditions. This indicates that
curve-based imputation can effectively reflect the continuous change patterns of pulmonary function time
series. Additionally, MICE maintained a low relative error even under the 20% missing rate condition,
suggesting that multivariate correlation-based imputation can provide valid input information to
prediction models even as missingness increases. Therefore, MICE is an imputation strategy that goes
beyond simple value replacement by enhancing the applicability of time-series prediction through its
ability to reflect structural relationships among variables.

Missing rate Method Configuration [terations MAPE RMSE R?
5% MICE adaptive 30 5.859% 0.31153 0.98188
5% PCHIP monotone N/A 5.891% 0.31163 0.98186
10% MICE adaptive 30 5.874% 0.31148 0.98181
10% PCHIP monotone N/A 5.876% 0.30919 0.98213
20% MICE mean-only 30 5.831% 0.31185 0.98182
20% PCHIP monotone N/A 5.878% 0.31158 0.98184

Table 2. Performance comparison by imputation method and missing rate

Performance Analysis by Iteration Count and Initialization Method

Additional experiments were performed with iteration counts of 14, 20, and 30 to analyze the effect of
iteration count on prediction performance during the MICE imputation process. In addition, the mean-
only and adaptive methods were compared to evaluate the effect of the initialization method. The mean-
only method applies mean-based initialization to all four core pulmonary function indicators, whereas the
adaptive method applies mean-based initialization to FEV1 and FVC and median-based initialization to
FEF25-75% and PEF, thereby reflecting variable-specific statistical characteristics. This design jointly
evaluates the effects of both the initialization strategy and the iteration count on prediction performance.



Under the 5% missing rate condition, the combination of the adaptive method and 30 iterations shows the
lowest MAPE. Under the 10% missing rate condition, the same combination also performs best. Under
the 20% missing rate condition, the combination of the mean-only method and 30 iterations shows the
best performance. These results indicate that the effects of the iteration count and initialization method
may vary depending on the missing rate.

The complete 5-fold average results for all 18 configurations are presented Appendix Table A1l. Overall,
MICE performance did not deteriorate sharply as the missing rate increased, indicating that MICE, by
leveraging multivariate correlation structures, can estimate missing values on the basis of inter-variable
relationships even in high-missingness conditions. In other words, particularly under high missing rate
conditions, approaches that reflect correlation structures among variables, rather than relying only on
single variable continuity, can provide meaningful long-term interpretability.

Discussion

The experimental results show that both imputation techniques applied to pulmonary function time-series
data maintain relatively consistent prediction performance despite increasing missing rates. PCHIP yields
similar performance levels across all missing rate conditions by preserving time-series continuity and
monotonicity. By contrast, MICE more directly reflects the multivariate characteristics of pulmonary
function data because it utilizes correlation structures among variables.

Particularly, MICE maintain low error levels based on MAPE even as the missing rate increases. The fact
that MAPE was 5.831% even in the 20% missing rate environment demonstrates that multivariate
correlation-based imputation can provide sufficiently valid information to prediction models even in high-
missingness environments. Additionally, the effects of iteration count and initialization method vary
according to missing rate, making it difficult to say that one fixed setting is advantageous in all
environments. However, both adaptive and mean-only methods show relatively consistent performance
when combined with appropriate iteration counts, suggesting that MICE can flexibly respond to various
data environments according to setting adjustments.

This study has several limitations. First, the analysis was conducted using a retrospective longitudinal
pulmonary function test dataset, and the findings may therefore be influenced by the characteristics of the
data source, measurement environment, and follow-up patterns. Second, missing values were artificially
introduced at predefined missing rates of 5%, 10%, and 20% to compare imputation strategies under
controlled conditions. These experimental missingness settings may not fully reflect real-world missing-
data mechanisms, including missing-not-at-random patterns. Third, the same LSTM-based prediction
model was used across experiments to isolate the effect of imputation strategies; therefore, the results may
not directly generalize to other prediction models or clinical outcomes. Finally, external validation using
independent multi-institutional datasets was not performed. Future studies should validate the proposed
MICE parameter-selection strategy using larger and more diverse clinical datasets collected from multiple
institutions and under real-world missing-data conditions.

Conclusion

This study proposed an adaptive selection method for adjusting the initialization strategy and iteration
count of the MICE algorithm and validated its effectiveness for mitigating missing data problems in



pulmonary function time-series data by applying it to an LSTM-based pulmonary function value
prediction model. Since pulmonary function indicators have high mutual correlation while variable-
specific variation characteristics differ, settings reflecting these characteristics are necessary even in the
missing value imputation process. Based on the statistical characteristics of FEV1, FVC, FEF25-75%, and
PEF, criteria for setting initialization method and iteration count were established, and prediction
performance changes were compared in different missing rate environments.

Results of applying the adaptive selection method for adjusting MICE algorithm initialization strategy
and iteration count showed that the MICE-based approach maintained relatively consistent prediction
performance even as the missing rate increased. In particular, by reflecting multivariate correlation
structures, meaningful prediction information can be provided even in high-missingness environments.
Additionally, comparison results with PCHIP under the same prediction model structure showed that
MICE demonstrated competitive performance from a relative error perspective and confirmed the
possibility of being utilized as an appropriate imputation strategy for long-term follow-up pulmonary
function time-series data analysis in that it can jointly utilize structural relationships between variables.

Data availability

The study protocol was approved by the Institutional Review Board (IRB) of Chungnam National
University Hospital (Approval No. CNUH IRB 2025-11-008). However, the datasets used in this study
are not publicly available because they contain patient-derived clinical information and are subject to
privacy and ethical restrictions. Access to the data may be considered only upon reasonable request to the
corresponding author and with appropriate approval from the relevant institutional review board.
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Appendix



Appendix Table A1l from the original article, summarizing 5-fold average performance of all 18 MICE
experiments by missing rate, initialization strategy, and iteration count.

Missing rate Method Iterations MSE MAPE(%) MAE RMSE R?
5% adaptive 14 0.00138833 5.870027  0.14351989  0.31184028  0.98185713
5% adaptive 20 0.00138832 5.884456  0.14216881 0.30526773  0.98255178
5% adaptive 30 0.00138424 5.858718  0.14330669  0.31153463  0.98188262
5% mean-only 14 0.00139111 5.890936  0.14314079  0.31139082  0.98188626
5% mean-only 20 0.00138805 5.871876  0.14290708  0.31119722  0.98185456
5% mean-only 30 0.00138571 5.871031 0.14255365  0.31030963  0.98197118
10% adaptive 14 0.00137632 5.867456  0.14257604  0.31001039  0.98200605
10% adaptive 20 0.00137920 5.859438  0.14336076  0.31186826  0.98180791
10% adaptive 30 0.00139003 5.874248  0.14311023 0.31147720  0.98180900
10% mean-only 14 0.00137800 5.854070  0.14356533 0.31194780  0.98181441
10% mean-only 20 0.00139018 5.885898  0.14275790  0.30854341 0.98219574
10% mean-only 30 0.00138997 5.884685  0.14279322  0.31071446  0.98188280
20% adaptive 14 0.00138944 5.883223  0.14307515  0.31135237  0.98184422
20% adaptive 20 0.00135687 5.788250  0.14354421 0.31184788  0.98182638
20% adaptive 30 0.00136088 5.847218  0.14344321 0.31187480  0.98180056
20% mean-only 14 0.00137147 5.847173  0.14207858  0.30640646  0.98245427
20% mean-only 20 0.00137821 5.884473  0.14242041 0.30828231 0.98224050
20% mean-only 30 0.00135961 5.830819  0.14351931 0.31185330  0.98182475

Table Al. Five-fold average performance of all 18 MICE experiments by missing rate, initialization
strategy, and iteration count
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