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ABSTRACT

Missing values are prevalent in agronomy datasets and need consideration to ensure the
applicability of statistical methods and avoid bias in treating them. Previous studies indicate that
multiple imputation is more effective than single imputation, with Principal Component
Analysis (PCA)-based methods effectively handling multicollinearity in multivariate data.
However, such approaches are rarely applied to agronomy data, hence there is a need to assess
their performance to add knowledge in the area. This study evaluates the performance of two
PCA-based multiple imputation approaches on missing multivariate agronomy data: multiple
imputation using regularised PCA through bootstrap procedure (BootMI-REM-PCA) and
multiple imputation using regularised PCA through Bayesian procedure (BayesMI-REM-PCA).
The data were obtained from the Department of Agriculture Sarawak. A simulation study was
conducted using 500 simulated datasets at 5%, 10%, and 20% missingness. Results showed
comparable performance between BootMI-REM-PCA and BayesMI-REM-PCA at 5%
missingness, with equal coefficient of determination (R?) values of 0.998, while BootMI-REM-
PCA exhibited slightly lower root mean squared error (RMSE) of 1.527 and mean absolute error
(MAE) of 0.160. However, BayesMI-REM-PCA outperformed at higher missing rates,
achieving the lowest RMSE (2.238 at 10% and 3.051 at 20%) and MAE (0.315 at 10% and
0.601 at 20%), along with the highest R? values of 0.996 and 0.993, respectively. While
imputation accuracy declines as missing data increases, BayesMI-REM-PCA preserves the
characteristics of real data. The findings are expected to help agricultural scientists and
researchers prepare high-quality data for accurate analysis.

Keywords: agronomy data, missing data imputation, multiple imputation, PCA-based
imputation, multicollinearity

ABSTRAK

Nilai lenyap merupakan isu lazim dalam bidang agronomi yang perlu diambilkira bagi
memastikan kepenggunaan kaedah statistik dan mengelakkan bias. Kajian terdahulu
menunjukkan kaedah imputasi berganda lebih berkesan berbanding imputasi tunggal, dengan
kaedah berasaskan analisis komponen utama (PCA) mampu menangani masalah
multikolineariti dalam data multivariat. Namun, kaedah ini jarang diaplikasikan pada data
agronomi. Prestasi kaedah ini perlu dinilai untuk menambah pengetahuan dalam bidang ini.
Kajian ini menilai prestasi dua kaedah imputasi berganda berasaskan PCA terhadap data
agronomi multivariat yang lenyap: imputasi berganda berasaskan PCA menggunakan prosedur
bootstrap (BootMI-REM-PCA) dan imputasi berganda berasaskan PCA menggunakan prosedur
Bayesian (BayesMI-REM-PCA). Data untuk kajian ini diperoleh daripada Jabatan Pertanian
Sarawak. Kajian simulasi dijalankan menggunakan 500 set data yang dijana pada kadar
kelenyapan 5%, 10%, dan 20%. Keputusan menunjukkan prestasi setanding antara BootMI-
REM-PCA dan BayesMI-REM-PCA pada kadar kelenyapan 5%, dengan nilai pekali penentuan
(R?) yang sama (0.998) dan BootMI-REM-PCA menunjukkan ralat min punca kuasa (RMSE)
1.527 dan ralat min mutlak (MAE) 0.160 yang sedikit lebih rendah. Namun, prestasi BayesMI-
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REM-PCA adalah lebih baik pada kadar kelenyapan lebih tinggi dengan RMSE terendah (2.238
pada 10% dan 3.051 pada 20%) dan MAE terendah (0.315 pada 10% dan 0.601 pada 20%),
serta nilai R? tertinggi (0.996 dan 0.993). Walaupun ketepatan imputasi menurun apabila kadar
kelenyapan data meningkat, BayesMI-REM-PCA berkesan mengekalkan ciri-ciri data sebenar.
Penemuan ini dijangka dapat membantu penyelidik menyediakan data agronomi yang berkualiti
untuk analisis yang tepat.

Kata kunci: data agronomi, imputasi data lenyap, imputasi berganda, imputasi berasaskan PCA,
multikolineariti

1. Introduction

Agriculture is essential for sustainable food production. One key discipline is agronomy which
focuses on crop and soil management (Maliwal & Mundra 2011). It often involves collecting
multivariate data (Jinubala & Lawrance 2016; Roney et al. 2023; Stochero ef al. 2024) leading
to high correlations between variables (Fioroni et al. 2023; Wiangsamut & Koolpluksee 2020).
Like many fields, agronomy faces data quality issues, particularly missing values (Arciniegas-
Alarcon et al. 2020). It can result from equipment malfunctions, pest infestations, or disease
outbreaks (Abbasi et al. 2019). Missing value limits statistical analysis as some requires
complete data (Faisal & Tutz 2021) such as some multivariate analyses (Arciniegas-Alarcon
et al. 2023), regression analysis (Mensching et al. 2020), and time series analysis (Fang et al.
2023). It can increase bias, reduce the precision of parameter estimates (Ayilara et al. 2019;
Hughes et al. 2019), cause information loss (Chow et al. 2019; Kim et al. 2019), mislead
conclusions and predictions (Chaudhry et al. 2019; Faisal & Tutz 2021), and impair the
performance of Internet of Things device (Abbasi ef al. 2019). These negative consequences
worsen as the percentage of missing data increases (You et al. 2023).

Addressing missing values is necessary. A straightforward approach is discarding
observation (Austin et al. 2021; Kim et al. 2019) but this reduces data size leading to
information loss and bias (Chow et al. 2019; Sanju et al. 2023). Alternatively, the missing point
can be filled with an estimated value, a process known as imputation. This produces clean data
while reducing bias (Lohr 2010) and the information is preserved. Imputation can be single or
multiple with methods ranging from statistical techniques like mean imputation or multiple
imputation (MI) to machine learning methods such as random forest (RF) and k-nearest
neighbours (k-NN) (Fu et al. 2021). The choice depends on the missing data pattern and
mechanism whether Missing Not at Random (MNAR), Missing at Random (MAR), or Missing
Completely at Random (MCAR) (Jose et al. 2021; Soley-Bori 2013). Under the MAR
assumption, several imputation methods can provide unbiased estimates and accurate
inferences (Li & Stuart 2019). Machine learning techniques like random forest (Fu ef al. 2021;
Kim et al. 2019; You et al. 2023), missForest (Sanju et al. 2023), and k-means (Dubey & Rasool
2020) are widely used though they are generally computationally costly (Alwateer et al. 2024)
and require large datasets. They are said to possibly result in overfitting in high-dimensional
data without proper tuning (Wani 2024) and typically produce single imputed values that do
not explicitly account for uncertainty unless adapted for multiple imputation (Bertsimas et al.
2018). Statistical techniques are preferable for smaller datasets as in the case of experimental
agriculture data. Mean imputation was popular but it falsely reduces data variability and fails
to capture relationships between variables (Austin et al. 2021). Multiple imputation is
recommended for capturing variability in imputed values and has shown strong performance
across different multivariate datasets (Alwateer et al. 2024; Arciniegas-Alarcon et al. 2020; Fu
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et al. 2021; Jose et al. 2021; Solfanelli et al. 2019). Stochero et al. (2024) applied distribution-
free multiple imputation on experimental agronomic data and noted a decrease in imputation
precision when data variability increased. To address correlations among variables, researchers
applied regression-based imputation methods like multivariate imputation by chained equations
(MICE) (Zhong et al. 2018). However, it can produce unstable imputations in the presence of
multicollinearity (Sanju et al. 2023). Additionally, the strength of the relationship between
variables may be overestimated when using regression-based imputation (Alwateer et al. 2024).

A promising alternative is imputation using Principal Component Analysis (PCA) which
estimates missing values by capturing the underlying data structure (Josse et al. 2011). By
reducing the dimensionality to uncorrelated components, it lowers computational demands,
especially with many variables. Missing values are iteratively imputed using an expectation-
maximisation (EM) algorithm through repeated PCA until convergence. However, in case of
weak relationships, extensive missing data, or noise, iterative PCA (EM-PCA) may suffer from
overfitting. Regularised EM-PCA counters this by adding a regularisation term to stabilise
predictions and mitigate overfitting (Josse & Husson 2016). Additionally, multiple imputation
is integrated (Josse et al. 2011) to handle uncertainty from missing data, making it well-suited
for multivariate data as it handles relationships between variables, multicollinearity, and
captures uncertainty from missing values (Gwelo 2019; Josse & Husson 2016). Multiple
Imputation using PCA (MIPCA) in its regularised form has been widely adopted. Mensching
et al. (2020) used bootstrap MIPCA to impute 19% missing data in a 23-variable dataset
predicting dairy cows' ruminal pH. It performed well as verified by distribution comparisons
and regression coefficients. This success was repeated on a smaller dataset with 7.6% missing
data (Mensching et al. 2021). Compared to k-NN and mean-based imputation, MIPCA better
captured variability in imputed values and provided more accurate joint distributions, especially
with highly correlated variables (Chow et al. 2019). Bootstrap MIPCA also achieved 95%
classification consistency in cardiometabolic health analysis (Wimalasena et al. 2023). It has
also been applied to impute missing values in medical datasets (Gad et al. 2024). Similarly,
Bayesian MIPCA has demonstrated reliability (Gomez-Bougie et al. 2018; Liu et al. 2018). It
outperformed Amelia, MICE, and listwise deletion in simulations and provides stable
imputations with narrower confidence intervals across various conditions (Audigier et al.
2016). MIPCA's ability to avoid overfitting makes it a competitive alternative to other multiple
imputation methods (Josse & Husson 2012). Both MIPCA approaches were applied alongside
chained equation procedures to high-dimensional datasets and demonstrating lower
computational demand and faster imputation completion (Brini & van den Heuvel, 2024).

An effective imputation method for multivariate agronomy data is needed. PCA-based
multiple imputation shows promise for capturing variables’ relationships while mitigating
multicollinearity, yet MIPCA remains underutilised in agronomy, with limited empirical
evaluation in this field. Furthermore, in-depth studies comparing different MIPCA methods are
scarce. This research examines the application of regularised MIPCA for multivariate
agronomy data using two approaches, the bootstrap procedure and Bayesian treatment. They
are empirically evaluated alongside the common mean method. The findings aim to provide
insights into the effectiveness of MIPCA approaches and offer guidance for future applications
in agronomy and beyond.

2. Methodology

This study investigates the performance of PCA-based multiple imputation methods using a
regularised iterative PCA algorithm (MI-REM-PCA) for imputing missing values in
multivariate agronomy data. Two approaches are examined, the bootstrap procedure (BootMI-
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REM-PCA) and the Bayesian approach (BayesMI-REM-PCA). Secondary data is acquired
from the Department of Agriculture, Sarawak, consisting of a multivariate dataset on a leafy
green vegetable collected through a field experiment conducted in 2019. It includes the growth
performance and yield of sweet Caixin cultivated using a bio-compost made from agricultural
wastes. The dataset encompasses five variables measured across 172 Caixin plants, namely
plant weight in grams (g), plant height in centimetres (cm), number of leaves, leaf width in
centimetres (cm), and leaf length in centimetres (cm). All variables are measured on a ratio
scale. The dataset contains 1.86% missing values. A subset of the data consisting of 161
complete observations (rows) is extracted as a reference dataset. The reference data is
approximately multivariate normally distributed and consists of highly positively correlated
variables, with high Pearson correlation coefficients of 0.92 (plant weight and plant height),
0.88 (plant weight and number of leaves), and 0.87 (plant height and number of leaves). The
highest Variance Inflation Factor (VIF) and Condition Index (CI) observed are: plant weight
(VIF=4.4, CI=41.2), plant height (VIF=4.9, CI=41.3), number of leaves (VIF=6.9, CI=42.5),
leaf width (VIF=8.1, CI=42.3) and leaf length (VIF=8.3, CI=42.5). VIF values greater than 5
and CI values exceeding 30 indicate multicollinearity concerns (Kim 2019). This issue is
addressed in the imputation procedure using PCA-based imputation methods where PCA
transforms the correlated variables into uncorrelated components to mitigate multicollinearity.

The analysis involves imputation and validation processes. The imputation analysis is
conducted through a simulation study to evaluate the performance of imputation methods where
500 datasets (Noghrehchi et al. 2021) are generated for three levels of missingness: 5%, 10%,
and 20% (Loisel & Takane 2019; Sanju et al. 2023; Wimalasena et al. 2023). Two PCA-based
multiple imputation approaches, bootstrap (BootMI-REM-PCA) and Bayesian (BayesMI-
REM-PCA), are applied, alongside mean imputation as a baseline for comparison. The
performance of BootMI-REM-PCA and BayesMI-REM-PCA is assessed relative to mean
imputation across the varying missingness levels. The validation analysis examines whether the
imputed data preserves the original characteristics of the real data. All analyses are performed
using R software.

2.1. Simulation study

A simulation study is conducted to empirically assess the performance of imputation methods.
For this purpose, datasets with missing values are generated by amputating the reference dataset
using MAR mechanism, following the real data’s missing patterns. For each missingness level
(5%, 10%, 20%), 500 datasets are generated. The procedures of the simulation study are:

1. Extract a dataset with no missing values (reference dataset) from the original dataset.
Generate datasets with missing values following these steps:
i.  Examine the missing pattern of the original dataset that contains missing
values.
ii.  Remove 5% of the data from the reference dataset following MAR mechanism
and missing pattern of the original dataset. Generate 500 datasets with 5%
missing data.
iii.  Repeat step ii for 10% and 20% missing levels.
3. Impute missing values using mean imputation, BootMI-REM-PCA, and BayesMI-
REM-PCA.
4. Compute the performance metrics: root mean squared error (MSE), mean absolute error
(MAE), and coefficient of determination (R?).
5. Compute the average RMSE, MAE, and R? across 500 simulations.
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6. Evaluate the performance of imputation methods.

2.2. Mean imputation

Mean imputation assigns a single value to substitute a missing data point. The mean of the
observed values in each variable is computed and used to substitute any missing observation
within that variable (Ben Aissia et al. 2017). In Figure 1, mean imputation is applied to a
multivariate dataset containing two variables, x; and x..

Variable x, | Variable x, X, X, X, Variable x, | Variable x,
1 a1 N 4 1 %21
X, NA > X, X,
NA X2 X, X2
Xi4 Xog X, = Yor Ty T Xi4 X4
Xis NA . Xis X

Figure 1: Mean imputation

2.3. Multiple imputation using regularised iterative PCA (MI-REM-PCA)

PCA is a dimensionality reduction technique that identifies principal components (PC)
capturing most data variability. Imputing missing values within a PCA framework uses these
PCs to estimate missing values in all variables by considering relationships between variables
and similarities among observations (Josse ef al. 2011). When applying PCA to a dataset X, the
reconstructed matrix, X is expressed as the first S terms of the singular value decomposition
(SVD) of X (Josse & Husson 2016):

X = UnxSAg'xS Vp]);S (1)
where U is the left singular vectors’ matrix, V7 is the transpose of the right singular vectors’
matrix (loadings matrix), A is the diagonal matrix of the eigenvalues, UA is the principal
components (scores) matrix, # is the number of observations, p is the number of variables, and
S is the number of dimensions. Missing values are iteratively imputed until convergence using
the EM algorithm to minimise the least square criterion |LX - X”Z (Josse & Husson 2016). The
elements of matrix X are expressed as (Josse & Husson 2016):

N
x, =D JAuy, +e, . &~ NO0,0%) )
s=1

The REM-PCA imputation is performed iteratively (Josse & Husson 2016) (Figure 2). In the
initialisation step (/= 0), the mean matrix, M” of the incomplete matrix X is computed. The data
matrix is centred by subtracting the mean of each variable. As the algorithm progresses (/> 1),
the data is re-centred at each iteration in response to changes in the mean matrix M. PCA is
performed on the re-centred imputed data and a PCA line is estimated. Missing points are
substituted with the regularised PCA-fitted values while the observed values are retained. The
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fitted matrix, X' is computed by introducing the regularisation term, (6*)’ / \/A_ , such that (Josse
& Husson 2016):

= [ - } v, 3)

where o2 is the noise variance estimated as:

“XH —U'(A 1

“)

&2 l:
©) np—nS—pS+8*

Step (3) to (6) are iteratively performed until convergence, where changes in the imputed matrix
is lower than a predefined threshold, &=10"° (Josse & Husson 2016):

Z(x“—x) <g (5)

Initialisation I = 0:

(1) Compute the means matrix, M° of the incomplete matrix X by taking the average of the
observed values.

v

(2) Centre the data matrix X: X° « X — MO,

For iteration [ > 1: \ 4

(3) Perform PCA on the centred data to estimate parameters.

v

(4) Create a new imputed matrix, X' by replacing missing observations using the
regularised fitted value obtained by PCA in (3) and adding the mean matrix M'~1.

v

(5) Update the means matrix, M* and recentre the imputed matrix, X! « X! — M*.

v

(6) Repeat steps (3) to (5) until convergence.

Figure 2: Regularised iterative PCA (REM-PCA) algorithm

The dimension, S, is predefined to minimise the mean squared error of prediction (MSEP). A
generalised cross-validation (GCV) technique is utilised as it is less computationally costly than
leave-one-out and k-fold techniques (Josse & Husson 2012). The S that minimises the GCV
criterion is kept. The GCV value is expressed as (Josse & Husson 2016):

npz:lzl Zj'}:l (xij B (;Cij )S )2

GCV(S)=
) np—p-nS—pS+S*+S

(6)
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Uncertainties in estimations encompass variations in parameter estimates and variability due
to noise. To address these variations in imputed values, multiple imputation is incorporated into
the PCA framework, resulting in several imputed datasets. In this case, parameters are estimated
by calculating estimates for each imputed dataset and then pooling the results to derive a final
set of estimates (Soley-Bori 2013). The performance of multiple imputation using regularised
iterative PCA (MI-REM-PCA) depends on the underlying missing mechanism and the nature
of the variables. This method assumes that missing values occur under either MCAR or MAR
mechanism and is limited to continuous data as PCA operates on numeric variables (Josse &
Husson 2012). In this study, two approaches of MI-REM-PCA are employed and compared,
the residuals bootstrap by Josse et al. (2011) and the Bayesian treatment introduced by Audigier
et al. (2016).

Performing multiple imputations requires deciding the number of imputed datasets to
generate, typically between 20 to 100 (Austin et al. 2021). Graham et al. (2007) highlighted
that statistical power improves with an increase in the number of imputations. Through a
simulation study testing 3 to 100 imputations, they observed that as the number of imputations
decreased from 100 to 3, error measures increased while statistical power dropped. While
increasing the number of imputations improve relative efficiency and statistical power, White
et al. (2011) emphasised the importance of also considering Monte Carlo error, which is the
standard deviation of the estimates obtained from repeated imputations. To control this error
and ensure reproducibility, Royston and White (2011) suggested selecting a number of
imputations greater than the missing percentage or between 100 to 1000, particularly for studies
that compare statistical methods. In this study, 100 imputed datasets are generated to ensure
high statistical power and minimise Monte Carlo error. This number is applied to both bootstrap
and Bayesian approaches to ensure methodological consistency.

2.3.1. MI-REM-PCA using bootstrap procedure (BootMI-REM-PCA)

Following the methodology in Josse ef al. (2011), a residual bootstrap method is employed to
address the variations in parameter estimates during the PCA procedure (Figure 3). The
procedure started with applying REM-PCA to create the imputed matrix X, followed by
deriving the residuals matrix, £ =X — X, which represents the noise or uncertainty in missing
data. Assuming a Gaussian distribution with mean 0 and variance equal to the variance of the
residuals, bootstrapping is performed to obtain 100 bootstrap matrices of residuals, " where b
=1,2,3,...,B=100. Each bootstrap replicate of the incomplete dataset X is formed by adding a
residuals matrix, £’ to the initial PCA estimator, X’ = X +&”. The REM-PCA algorithm is then
applied to each bootstrap matrix X’ to estimate the PCA parameters, resulting in 100 estimators
X ,x,...,x . This yielded a predictive distribution that represents the distribution of possible
values for the missing data. Missing values are imputed using plausible values drawn from the
predictive distribution with added Gaussian noise. This procedure resulted in 100 imputed
datasets.

2.3.2. MI-REM-PCA using Bayesian treatment (BayesMI-REM-PCA)

This method estimates PCA parameters using a Bayesian approach which requires an
understanding of the posterior distribution in relation to its prior distribution. This Bayesian
method highlights the uncertainty associated with parameter estimates. This study adopted a
Bayesian procedure suggested by Audigier et al. (2016) with a prior distribution of:
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(1) Perform REM-PCA on incomplete matrix X to obtain PCA parameter estimate and
construct the matrix X.

v

(2) Construct the matrix of residuals, £ = X — X.
v
(3) Create B = 100 bootstrap matrix of residuals, €?,b = 1,2,3, ..., B.
v
(4) Create B = 100 bootstrap data matrix, Xt =X+¢e,b=1.23,..,B.
v
(5) Perform REM-PCA on each X" to re-estimate the parameters.

v

6) Construct X? by imputing missing values using the predictive distribution with added
Yy 1imputing g g p
Gaussian noise.

v
(7) Obtain 100 imputed datasets.

Figure 3: Multiple imputation using REM-PCA (bootstrap procedure)

)~ N(0,77), 1<5<S ()

The posterior distribution is expressed as (Audigier ef al. 2016):

I
)ch;s) |X,;f¥) ~N )?;PCA,—. zsﬁ (8)
min(n—1, p)
where,
(= %) 2 2

& = Zu g 4 = (2 . andff :Lﬂ’s _.O'—

np—(p+S-l+p=-8) =~ - = o np " min(n—1,p)

" min(n-1, p)

The algorithm is illustrated in Figure 4. Parameters are initially estimated using the REM-PCA.
During the burn-in period (/=1 to Lstart =1000 ), the matrix X is imputed based on the
estimated parameters. The posterior distribution is determined and used to impute missing
values by drawing from it. Steps (2) to (5) are iteratively repeated for 1000 iterations aiming to
achieve convergence. Imputed values are refined at each iteration based on the updated
posterior distribution. Following the burn-in period, an imputed dataset is retained at regular
intervals of L = 100 iterations until a total of 100 imputed datasets are obtained, specifically at
Lstart + L, Lstart + 2L, ... , Lstart + 100L. Keeping the imputed dataset at certain Ls ensures
that the retained datasets are more independent and representative of the underlying
distribution. Finally, 100 imputed datasets are obtained.
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Inittialisation ! = 0O:

(1) Perform REM-PCA to estunate the mitial parameters x°.

Burnin: [ =1 to Lstart = 1000: v

(2) Create imputed matrix, X’ by drawing from predictive distribution and adding the mean
matrix, X' « X' + M'7L,
v
(3) Compute the mean matrix, M7 and centre the imputed matrix. X' « X' — M".

v

(4) Determine the posterior distribution and estimate its parameters.

v

(5) Impute missing values by drawing from the posterior distribution.

v
(6) Repeat steps (2) to (5) until convergence.

v

(7) Keep imputed dataset at every L1 iteration until 100 imputed datasets is obtained.

Figure 4: Multiple imputation using REM-PCA (Bayesian treatment)

2.4. Performance indicators

The assessment is based on three performance indicators, the root mean squared error (RMSE),
mean absolute error (MAE) and coefficient of determination (R?). The averages of these metrics
are calculated for each imputation method for all levels of missingness.

2.4.1. Root mean squared error (RMSE)

Root mean squared error (RMSE) is a common metric used to quantify the difference between
observed and predicted values. It measures the average deviation of imputed values from the
observed values, calculated as:

1 n -
RMSE = \/E Zi:lzi;:l (x; =%, ) ©)

where 7 is the number of observations, p is the number of variables, x; is the observed value in
the i-th row and j-th column of the reference dataset, and x; is the imputed value in the i-th
row and j-th column. Lower RMSE values signify better performance (Chicco et al. 2021).

2.4.2. Mean absolute error (MAE)

Mean absolute error (MAE) assesses the average absolute difference between the imputed and
observed values. It is calculated as:

1 n A
MAE:EZi:le:in/’ _xij| (10)



Rahimah Sallehuddin & Norshahida Shaadan

where # is the number of observations, p is the number of variables, x; is the observed value in
the i-th row and j-th column of the reference dataset, and x; is the imputed value in the i-th
row and j-th column. A lower MAE value indicates better performance (Chicco et al. 2021).

2.4.3. Coefficient of determination (R°)

The coefficient of determination, R? assesses how well the imputation method captures the
variability in the data. It indicates the proportion of the total variance in the observed data that
is explained by the imputed values. It is expressed as:

R*=1- z;zg (x; —)2!.].)2
Z;Zj:l(xij _J_C)z

where 7 is the number of observations, p is the number of variables, x; is the observed value in
the i-th row and j-th column of the reference dataset, x; is the imputed value in the i-th row
and j-th column, and x is the mean of the observed values across all variables. The R* value
ranges from 0 to 1, where a value closer to 1 indicates better performance (Saeipourdizaj et al.
2021).

(11)

2.5. Validation analysis

The validation analysis assesses the validity of the best imputation method obtained in the
imputation analysis by comparing the summary statistics and PCA output of the reference and
imputed data. The minimum, maximum, mean, median, standard deviation, range, skewness,
and kurtosis are computed. These statistics are calculated for each of the 100 imputed datasets
and averaged. Consistency in these summary statistics is evaluated between reference and
imputed data. PCA results are compared in terms of the eigenvalues and the number of PCs
contributing to more than 70% of the total variation (Jollife & Cadima 2016). Eigenvalues and
cumulative percentages of total variation for 100 imputed datasets are averaged. Scree plots are
used to visually compare the eigenvalues.

3. Results and Discussion

Missing values in the simulated datasets are imputed using mean imputation, BootMI-REM-
PCA, and BayesMI-REM-PCA. For the MI-REM-PCA approaches, the number of dimensions,
S, is predefined using the GCV technique (S = 2) and100 multiple imputations are performed.
Table 1 illustrates examples of the imputed values obtained from the 250" simulation with 5%
missingness. For both BootMI-REM-PCA and BayesMI-REM-PCA, the minimum, maximum,
and average of the imputed values across 100 imputations are presented.

The error metrics, RMSE and MAE, along with the R? values are averaged across 500
simulations. Lower error measures indicate that the imputed values are closer to the true values
while a higher R? indicates that the imputed values capture a larger proportion of the variation
in the true values. The PCA-based multiple imputation methods, BootMI-REM-PCA and
BayesMI-REM-PCA demonstrates superior performance compared to the common mean
method, exhibiting lower errors and higher R? values, while both MI-REM-PCA approaches
shows comparable performance (Table 2). At a low level of missingness (5%), BootMI-REM-
PCA slightly outperformed BayesMI-REM-PCA with the lowest RMSE and MAE values of

10
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1.5273 and 0.1595, respectively. BayesMI-REM-PCA obtained slightly higher errors with an
RMSE of 1.5349 and an MAE of 0.1607. However, both approaches yielded an equal R* of
0.9980. As the proportion of missingness increased to 10% and 20%, the BayesMI-REM-PCA
became superior. At 10% missingness, it achieved the lowest RMSE (2.2376) and MAE
(0.3153) along with the highest R* (0.9961). With the missing percentage rising to 20%, the
RMSE escalated to 3.0511, the MAE to 0.6007, and the R*> dropped to 0.9932, yet still
outperforming the BootMI-REM-PCA. These findings suggest that both BootMI-REM-PCA
and BayesMI-REM-PCA offer advantages over the common mean approach when handling
missing data. While BootMI-REM-PCA slightly outperformed BayesMI-REM-PCA at a lower
level of missingness (5%), BayesMI-REM-PCA demonstrated superior performance as the
proportion of missing data increased to 10% and 20%. This suggests that BayesMI-REM-PCA
is able to produce an accurate estimation of missing values across different levels of missing
data. This observation aligns with Audigier et al. (2016) which stated that BayesMI-REM-PCA
is efficient in handling missing values across various sample sizes, missing rates, number of
variables, and strengths of relationships between variables. On average, depending on the level
of missingness, the BayesMI-REM-PCA imputed values deviate from the true values by
approximately 1.535 to 3.051 units and the absolute difference between the imputed values and
the true values ranges from approximately 0.161 to 0.601 units. Additionally, the R* values
indicate that approximately 99.32% to 99.80% of the variance in the true values is explained
by the imputed values across different levels of missingness. It is also observed that the
performance of the imputation methods declined as the proportion of missing data increased as
indicated by increasing RMSE and MAE values and decreasing R? values. This observation is
also highlighted in (Sanju et al. 2023; Waljee et al. 2013).

Table 1: Examples of imputed values (250" simulation, 5% missing)

Observed Imputed Values

Variables (Reference) Mean BootMI-REM-PCA BayesMI-REM-PCA

Values Imputation Min Max Mean Min Max Mean
Weight (g) 118.0 100.48 70.69 16998 120.05 7593 156.74 120091
Height (cm) 25.5 29.99 19.03  33.50 25.08 18.50  35.53 25.85
Leaves (no.) 13.0 12.78 10.74  16.32 1370 11.61 16.44 14.08
Width (cm) 13.0 11.79 11.36  14.90 13.06  10.93 14.51 12.90
Length (cm) 22.0 21.11 1926  26.27 22.18  19.78  24.82 22.29

Table 2: Performance of the imputation methods

Missing Imputation Methods Performance Metrics
Percentages RMSE MAE R?

Mean Imputation 2.5502 0.2381 0.9946

5 BootMI-REM-PCA 1.5273 0.1595 0.9980
BayesMI-REM-PCA 1.5349 0.1607 0.9980

Mean Imputation 3.6208 0.4607 0.9901

10 BootMI-REM-PCA 2.2559 0.3162 0.9960
BayesMI-REM-PCA 2.2376 0.3153 0.9961

Mean Imputation 4.9344 0.8903 0.9823

20 BootMI-REM-PCA 3.1944 0.6213 0.9925
BayesMI-REM-PCA 3.0511 0.6007 0.9932

The distributions of RMSE, MAE, and R? values across 500 simulations (Figure 5) reveal
less variability for multiple imputations using PCA (BootMI-REM-PCA and BayesMI-REM-
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PCA), compared to the more dispersed values from mean imputation. This indicates that PCA-
based multiple imputation (MI-REM-PCA) produced a more stable and reliable imputation
compared to the common mean method. BootMI-REM-PCA and BayesMI-REM-PCA yielded
similar distributions of RMSE, MAE, and R?, suggesting comparable performance. The
BootMI-REM-PCA method provided the most accurate estimates of missing values at low
levels of missingness (5%) while the BayesMI-REM-PCA performed better at higher missing
rates (10% and 20%). Overall, the BayesMI-REM-PCA is superior as it demonstrates the ability
to accurately estimate missing values across various levels of missingness. The results also
indicate that the challenges in missing values imputation increase with higher levels of
missingness.
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Figure 5: Distribution of the (a) RMSE, (b) MAE and (c) R? by imputation method and missing percentage

BayesMI-REM-PCA is identified as the best method considering various proportions of
missing data. Validation is conducted through an examination of summary statistics and PCA
performed on the datasets imputed using BayesMI-REM-PCA, compared to the reference data.
Three imputed datasets are extracted from the first, 250", and 500™ simulations for each of the

12



Missing Values Treatment in Agronomy Dataset Using PCA-Based Multiple Imputation

5%, 10%, and 20% missingness. Subsequently, summary statistics are computed and PCA is
conducted on these datasets along with the reference data. Table 3 presents that the minimum,
maximum, mean, median, standard deviation, range, skewness, and kurtosis values exhibit
close resemblance between the reference and imputed datasets. For example, the summary
statistics of the 5% imputed dataset obtained from the 500th simulation show that the plant
weight has a mean of 100.74, standard deviation of 39.77, median of 95, minimum of 35,
maximum of 197.52, range of 162.52, skewness of 0.44, and kurtosis of -0.77. These values
exhibit minimal differences with the observed values of 100.78 (mean), 39.80 (standard
deviation), 95.00 (median), 35.00 (minimum), 197.00 (maximum), 162.00 (range), 0.44
(skewness), and -0.79 (kurtosis). Overall, minimal discrepancies are observed between the
reference and imputed datasets in terms of these summary statistics. The imputed values
maintain the original data's statistical properties thus indicating that the imputation using
BayesMI-REM-PCA preserves the characteristics of the data.

Table 3: Descriptive statistics for reference and BayesMI-REM-PCA imputed data at various levels of missingness

Missing Var Simulat Summary Statistics
Rates ) ion No. Mean SD Median ~ Min Max Range Skewness Kurtosis
Weight (g) - 100.78  39.80  95.00 35.00 197.00 162.00 0.44 -0.79
Reference  Height (cm) - 30.00 5.39 30.00 21.00 45.00 24.00 0.18 -0.86
(Complete) Leaves (no.) - 12.88 2.37 13.00 7.00 18.00 11.00 0.17 -0.47
Dataset Width (cm) - 11.81 1.23 12.00 850 15.00 6.50 -0.10 -0.05
Length (cm) - 21.17 1.96 21.00 17.50 27.50 10.00 0.63 0.13
1 100.82  39.73 9530 3484 197.62 162.79 0.43 -0.80

Weight (g) 250 100.82  39.89 9486 35.00 197.00 162.00 0.44 -0.80
500 100.74 39.77 95.00 35.00 197.52 162.52 0.44 -0.77

1 30.00 5.38 30.00 21.00 45.00 24.00 0.18 -0.84

Height (cm) 250  30.01 5.38 30.00 20.64 45.00 2436 0.20 -0.83
500  30.07 5.45 30.00 21.00 45.02  24.02 0.19 -0.86

1 12.88 2.37 13.00 7.00 18.01 11.01 0.17 -0.47

5% Leaves (no.) 250 12.86 2.35 13.00 7.00 18.06 11.06 0.16 -0.46
500 12.84 2.35 13.00 7.00 18.08 11.08 0.16 -0.47

1 11.81 1.22 1196 850 15.00 6.50 -0.09 -0.02

Width (em) 250 11.85 1.25 12.00 850 15.04 6.54 -0.11 -0.09
500 11.80 1.24 11.96 850 15.00 6.50 -0.06 -0.06

1 21.11 1.93 2099 1746 2750  10.04 0.58 0.04

Length (cm) 250  21.21 2.01 21.00 17.44 27.51 10.07 0.59 0.01
500  21.17 1.97 21.00 17.50 27.50  10.00 0.61 0.10

1 100.63  39.61 94.78 3456 197.68 163.11 0.43 -0.79

Weight (g) 250 10045 3952 9475 3479 19755 162.76 0.43 -0.79
10% 500  100.69 39.74 95.19 35.00 19742 162.42 0.44 -0.76
1 30.07 5.44 30.08 20.61 45.02 2441 0.17 -0.84

Height (cm) 250 30.02 5.43 30.00 20.66 45.12 2445 0.21 -0.81
500 30.07 5.44 30.03 20.96  45.03  24.07 0.18 -0.86

1 12.89 2.40 13.00  7.00 18.08 11.08 0.20 -0.50

Leaves (no.) 250 12.89 243 13.00  7.00 18.35 11.35 0.23 -0.49
500 12.88 2.39 13.00 7.00 18.15 11.15 0.17 -0.54

1 11.82 1.22 11.95 850  14.89 6.39 -0.14 -0.08

Width (cm) 250 11.86 1.31 12.00  8.50 15.38 6.89 0.07 -0.01
500 11.77 1.21 11.96  8.49 14.84 6.35 -0.13 -0.07

1 21.10 1.90 2099 1745 275 10.05 0.55 0.12

Length (cm) 250  21.19 1.95 2099 1741 27.00 9.59 0.49 -0.27

500 21.21 2.02 2099 1748 27.50 10.02 0.60 0.03
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Table 3 (Continued)

1 100.65 39.89 9547 2551 201.41 1759 0.41 -0.72

Weight (g) 250 100.54 39.87 9526 2478 197.25 172.46 0.40 -0.78
500 100.70  39.83  96.71 33.66 197.59 163.93 0.43 -0.76

1 30.04 5.42 3022 19.55 4500 2546 0.16 -0.76

Height (cm) 250  29.87 543 29.99 2027 45.06  24.78 0.25 -0.75
500  30.06 5.45 30.05 20.04 45.00  24.96 0.17 -0.82

1 12.87 2.38 13.00 7.89  18.08 10.19 0.20 -0.62

20% Leaves (no.) 250 12.81 2.41 13.00 697 1833 11.35 0.19 -0.48
500 12.85 2.39 13.00 699 1825 11.26 0.13 -0.48

1 11.81 1.28 1196 849 1491 6.42 -0.14 -0.26

Width (cm) 250 11.93 1.32 11.98  8.58 15.54 6.95 0.15 -0.10
500 11.77 1.26 11.85 8.48 15.11 6.63 -0.05 -0.18

1 21.24 1.94 21.04 16.68 27.51 10.82 0.42 0.16

Length (cm) 250  21.14 1.96 2096 17.04 27.01 9.96 0.48 -0.12

500 21.19 2.02 21.00 17.08 27.50 10.42 0.53 0.10

Table 4 presents PCA results for reference and imputed datasets. Eigenvalues are
comparable across datasets. In all datasets, PC1 captures at least 70% of the total variation.
Scree plots (Figure 6) consistently show that PC1 has eigenvalues greater than one, indicating
a similar elbow point across all datasets. This consistency suggests that the imputation preserves
the underlying data structure.

Table 4: Eigenvalues (1) and cumulative percentage of variation by PC for reference and BayesMI-REM-PCA
imputed datasets

5% Imputed 10% Imputed 20% Imputed
PC Measure Reference Simulation No. Simulation No. Simulation No.
1 250 500 1 250 500 1 250 500
1 A 3.718 3.767 3.7755 3.692 3.787 3.767 3.739 3.808 3.767 3.720
Cum. % 74.36 7534 7510 73.84 7574 7534 7478 76.16 7534 7440
2 A 0.729 0.667 0.708 0.776 0.683 0.724 0.752 0.784 0.782 0.791
Cum. % 88.94 88.68 8926 8937 8940 89.82 89.82 91.84 9098 90.21
3 A 0.337 0.341 0317 0312 0304 0.289 0276 0.191 0.224 0.248
Cum. % 95.68 9549 9561 9562 9548 9561 9533 9566 9545 95.18
4 A 0.139 0.140 0.137 0.142 0.144 0.131 0.144 0.140 0.138 0.145
Cum. % 98.46 98.29 9834 9846 9836 9824 9822 9846 9820 98.09
5 A 0.077 0.086 0.083 0.077 0.082 0.088 0.089 0.077 0.090 0.095
Cum. % 100 100 100 100 100 100 100 100 100 100

Multiple imputation using PCA-based approaches proved effective for handling missing
values in a highly correlated agronomy dataset. Both bootstrap and Bayesian approaches show
more stable imputations with lower error and higher R? values than common mean imputation.
These PCA-based approaches overcome the limitation of mean imputation which cannot
capture and utilise the relationships between variables during imputation. Previous research has
also established that PCA-based imputation approaches outperform methods such as MICE, k-
NN, and Amelia in handling missing values in datasets with highly correlated variables (Chow
et al. 2019; Audigier et al. 2016). Of the two PCA-based approaches studied, BayesMI-REM-
PCA stands out for its superior performance. Its performance is comparable with BootMI-
REM-PCA at 5% missingness and becomes superior when the missing rates increase to 10%
and 20%. Overall, the results highlight BayesMI-REM-PCA's promising performance in
providing accurate and precise estimations of missing values in multivariate datasets while
preserving the data's original characteristics and structure.
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4. Conclusion

This study evaluates two multiple imputation approaches in regularised iterative PCA,
bootstrap (BootMI-REM-PCA) and Bayesian (BayesMI-REM-PCA) along with mean
imputation for imputing missing values in multivariate agronomy data. BootMI-REM-PCA
resamples the residuals from the PCA model and adds variability based on the observed data
distribution, whereas BayesMI-REM-PCA incorporates prior distributions and generates
imputations based on posterior parameter distributions. The results indicate that the PCA-based
methods outperformed mean imputation by capturing variable relationships and producing
more stable imputations. These methods capture variability between imputations and handle
multicollinearity. While BootMI-REM-PCA performed best at 5% missingness, its
performance remains comparable to that of BayesMI-REM-PCA at this level. However,
BayesMI-REM-PCA excelled at 10% and 20% missingness thus demonstrates a more stable
performance across different missingness levels. As the proportion of missing values increases,
so does the uncertainty in missing data. The superior performance of BayesMI-REM-PCA at
10% and 20% levels suggests the advantage of a probabilistic approach where incorporating
prior distributions allows for more effective handling of uncertainty compared to the
resampling-based BootMI-REM-PCA. This is further supported by the increasing gap in
RMSE, MAE, and R? between both methods as missingness rises from 10% to 20%. Based on
these findings, BayesMI-REM-PCA is recommended for imputing multivariate agronomy data
as it provides accurate imputations particularly as missingness levels increase. In terms of
computational time, both approaches do not require high computational demand, although
BootMI-REM-PCA is faster. For one dataset in this study (number of observations = 161,
number of variables = 5, number of multiple imputations = 100), BootMI-REM-PCA completed
imputation in 0.78, 1.05, and 1.52 seconds for 5%, 10%, and 20% missingness, respectively.
BayesMI-REM-PCA required 20.68, 20.98, and 21.39 seconds for the same levels of
missingness. The computational time is expected to increase with larger datasets and higher
levels of missingness. Overall, BayesMI-REM-PCA is recommended. At low missing rates
(5%), BootMI-REM-PCA may still be considered due to its higher precision and shorter
computational time. Beyond this study, multiple imputation using PCA can be applied to
diverse agronomy datasets including longitudinal or temporal data, or datasets with long-gap
missingness to assess broader applicability. Future research should explore factors such as the
number of multiple imputations, sample sizes, the number of variables, and the strength of
relationships between variables.
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