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Abstract
Missing data can cause problems for model decision-making procedures, which is a ubiquitous problem in data science.
Imputation is a popular and agile method to handle missing data that enables predictive models to work smoothly. Given the
plethora of available imputers and regressors, selecting the appropriate pair for a specific problem can be challenging. Many
search-based approaches, such as AutoML tools, require significant processing power and focus on developing the predictive
model itself, often bypassing the imputation processes with only basic steps. Models based on a meta-learning approach,
combining data characteristics and algorithm performance, can help in imputer and method selection for missing data. Nev-
ertheless, enhancing confidence in resulting models’ decisions and ensuring transparency through explainability is crucial.
In this paper, we present a novel meta-learning-based framework for imputer/regressor selection; this framework is called
MetaLIRS.WithMetaLIRS, we built three recommendation models for MCAR,MAR, andMNAR data mechanisms, respec-
tively, achieving an accuracy ranging from 63% to 67%. These models are designed to select the best-fitting imputer/regressor
pair in terms of RMSE values of regressors. The models were learned using 26 datasets with six imputation methods, six
regression methods, six missing levels (1%, 5%, 10%, 30%, 50%, and 70%), and 33 meta-features derived from missing
data. A limitation of the approach is that due to a group of imputer/regressor pairs with very low occurrence, the so-called
“other” class, the recommender occasionally predicts the unhelpful “other”. The main scientific contribution is the MetaLIRS
framework which provides interpretability for its recommendations, is resource-efficient for recommendation model outputs,
and enables rapid selection of the best imputer/regressor pair for a specific dataset without exhaustive brute-force searching.
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1 Introduction

Machine learning models have emerged as indispensable
instruments for analyzing various datasets across multiple
fields, such as business, biology [1], chemistry, engineer-
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ing [2], health [3], and transportation [4], where missing
data are frequently present. In machine learning applica-
tions, regression-based supervised learning algorithms are
frequently used as the bedrock of predictive modeling. How-
ever, most regression models cannot handle missing data
directly, and this situation can affect model performance.

Several solutions are proposed, such as missing data dele-
tion [5], data imputation [6] and the use of machine learning
(ML) method adaptations for addressing missing data [7].
Deletion is an ad hoc solution, which involves removing the
rows or columns that containmissing values from the dataset.
Data imputation fills in the missing values with estimated
ones,which can be based on statisticalmethods such asmean,
mode, andmedian imputation [2, 8], machine learning-based
methods such as k-Nearest Neighbors (k-NN) [9], and deep
learning-based methods such as Variational Autoencoders
(VAEs) [10], Generative Adversarial Imputation Networks
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(GAIN) [11] models, and some ML method adaptations,
such as tree-based methods, handle missing data naturally.
Some tree-based algorithms can work directly with miss-
ing data through different splitting mechanisms [7], such as
probabilistic splits in C4.5 [12], block propagation in Light-
GBM [13], and Missing Incorporated in Attributes (MIA) in
XGBoost [14].

Nowadays, the impact of various imputation methods
on regression models and the challenge of finding univer-
sally consistent models in the presence of missing data have
become central topics [7, 15, 16]. According to the No Free
Lunch theorem [17], no one solution is ideal for every prob-
lem. One of the most common approaches is trial and error,
often implemented through grid search, where data ana-
lysts test various imputation methods and regression models.
This approach, however, is time-consuming and resource-
intensive because it requires testing each option separately.
To streamline this process, Automated Machine Learning
(AutoML) tools such as TPOT (Tree-based Pipeline Opti-
mization Tool) [18], and Auto-Sklearn [19] have been devel-
oped to automate and optimize the search for the best-fitting
machine imputationmethod, learningmethod, and accompa-
nying configurations of hyperparameters [19]. Additionally,
commercial AutoML systems like Google AutoML [20],
JADBio [21], and Autogluon [22] offer similar automation
but with limitations. Despite their advantages, AutoML sys-
tems tend to have a limited range of imputationmethods [23],
and their search-based approach is rather computationally
expensive [24].

Meta-learning approaches can offer a solution [25, 26] for
algorithm selection and recommendation. These approaches
learn the relationship between meta-features and the per-
formance of previously trained models via a meta-database.
Meta models are then trained using these datasets by extract-
ing the meta-features (characteristics of datasets) [27–29].
Using a recommendation model eliminates the need for a
search, which involves the cumbersome process of trying
every combination, as it relies on a pre-trained meta-
database. Recommendation models can be used for some
tasks, such as single/multi-classification and single/multi-
regression tasks [28].

To the best of the authors’ knowledge, there has been no
work using meta-learning approaches to select the combina-
tion of both an imputer (or no imputer) and a regressor.

Besides the challenges of finding appropriate imputer
and regressor algorithms for the missing dataset, explaining
the recommendations provided by these models is crucial
for data analysts. They need to interpret these explanations
to ensure that the models are making informed decisions,
maintain transparency, and enhance trust in the outcomes.
Meta models are generally built as black-box models, which
possess numerous parameters. This complexity makes it
challenging to comprehend how decisions are made and

how these models work internally. To address this issue and
thereby increase data scientists’ trust in the models, the field
of Explainable AI (XAI) proposes a set of methods that
enable data analysts to understand the reasons behind the
recommendations made by the models [30].

The explainability of models can be evaluated on different
aspects. Nauta et al. [31] defined 12 desirable characteristics
for the explainability of black-boxmodels, combining differ-
ent perspectives. We interpret the recommendation models
we offer based on the confidence property mentioned in this
study [31], using post hoc analysis to help determine how
much trust users can place in our model and its predictions.
Regardless of the internal structure of the model, two sepa-
rate approaches for post hoc analysis are employed: global
and local explanations. Global methods provide an overview
of the highly relevant meta-features used by themodel across
the entire dataset, while local explanation methods produce
explanations for individual recommendations [32].

We aim to address the following three research questions:
1) How can we design a framework for the recommendation
to select a (near) optimal imputer/regressor pair?
2) How can the performance of the recommendation (meta)
model change based on different missing data mechanisms?
3) How can global and local explanations be obtained for
selecting an imputer/regressor pair?

This work builds upon our previous study [33], expanding
and improving the results by exploring new dimensions of
the research. The recommendation model described in [33]
is based on less datasets, uses fewer meta-features and takes
only the MCAR mechanism into consideration. Explain-
ability analysis was performed using only a model-specific
approach. The main contributions of this paper can be sum-
marized as follows:

-We propose a framework to construct a recommenda-
tion model for recommending imputer+regressor pairs. A
framework has been built by generating missing data at var-
ious levels (1%, 5%, 10%, 30%, 50%, 70%), extracting 33
meta-features from the missing data at each missing level,
and using six imputation methods along with six regression
models.

-The proposed recommendation model is based on Ran-
dom Forest and gives imputer+regressor pair recommenda-
tions according to MCAR, MAR, and MNAR data mecha-
nisms [6].

-We used global and local explanations for the recom-
mendation model using the SHAP method and aggregated
decision rules. This approach involves explaining the overall
recommendations of the recommendationmodel (global) and
the reasoning behind individual recommendations (local).
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2 Motivation

We developed a framework that enables an explainable
recommendation model for selecting the optimal or near-
optimal pair of imputer and regression methods, thereby
reducing the computational cost and time associated with
brute-force methods. The objective of this approach is to
facilitate faster andmore effectivemethod selection. Our first
motivation for this study was that although many algorithm
selection studies have been conducted using the meta-
learning approach, there is a notable absence of research on
selecting imputer+regressor pairs in the context of missing
data. According to a recent study [34], there have been only
seven studies since 2005 that aim to select the imputation
method based on meta-learning. Furthermore, no meta-
learning approach was found for regression model selection
in case of missing data. In addition, the imputation meth-
ods used are similar to those in the studies reviewed in this
paper [34], and no advanced imputation methods have been
encountered. These studies are detailed in the related work
section. This gap in the literature has increased our motiva-
tion for this study.

Another motivation is that time complexity is high in
search-based algorithms. We present the training time using
different imputation and regression methods per missing
level and data mechanisms. Table 1 shows the processing
time (seconds) of eachmodel. TPOT andAuto-sklearn do not
select imputer automatically, so we used a default imputer,
such as the median for TPOT and mean imputer for Auto-
sklearn. It appears that the search for the regressionmethod is
costly, even when using a single imputer. Additionally, find-
ing the right imputer and regressor through the trial-and-error
(TT) method can be very time-consuming. The method con-
sists of evaluating the current imputer and regressor pairings
until an optimal result is obtained. However, thanks to the
trained model presented in this study, selecting the appropri-
ate imputer+regressor pair for the dataset takes only a few
seconds.

3 Related work

3.1 Using imputation+regressionmethods presence
of missing data

When dealingwithmissing data using imputation and regres-
sion methods, there are two strategies for making prediction
analysis: 1) impute and then regress, and 2) regression with-
out imputation. In this section, we discuss the most relevant
work for both applications.

The most common imputation method based on statistics
is mean imputation [8]. In some studies, mean imputation
has been found to perform better compared to more com-

Table 1 Comparison processing time (seconds) of Methods on CASP
dataset with 30%missing level for one. Lower time is better. (imp. refers
to imputers, and reg. refers to regressors. TT_imp. refers to the trial and
error method for imputers. TT_reg. refers to the trial and error method
for regressors.)

Methods MCAR MAR MNAR

TT_imp 1022.00 436.55 985.79

TT_reg 911.89 934.30 932.43

Auto-sklearn_imp N/A N/A N/A

Auto-sklearn_reg 597.02 607.65 603.12

TPOT_imp N/A N/A N/A

TPOT_reg 613.18 640.47 704.51

Our model 0.09 0.04 0.08

Bold values represent the lowest processing time.

plex models like iterative imputation and nearest neighbor
imputers [35].

Bertimas et al. [15] investigated the effects of imput-
ers on the performance of regression models, theoretically
and empirically, using synthetic, semi-real, and real miss-
ing data. They explored various missingness mechanisms,
including MCAR, MAR, MNAR, and adversarially missing
(AM) mechanisms, across missing levels ranging from 10%
to 80%. Their key findings were as follows: 1) In datasets
with naturally occurring missing values, authors found that
simpler imputers, such as mean or mode, performed better
with regression methods than more complex imputers like
MICE. 2) The performance of the imputer+regressor pair
varies depending on the missingness pattern. 3) The com-
plex interactions between imputation and regression models
are not yet fully understood and require further investigation.

Morven et al. [36] also employed the "impute then regress"
approach, emphasizing that even with optimal imputation,
model performance may still be affected by the complex-
ity of learning in the regressors. To address this issue, they
presented a neural network-based approach called NeuMiss,
which uses the Neumann series to perform the learning
process for both the imputer and regression methods simul-
taneously.

3.2 Meta-learning approaches for algorithm
selection and recommendation

Meta-learning approaches, also known as "learning to learn",
are based on early studies [37] and are commonly used
for algorithm recommendation [38]. These approaches use
machine learning algorithms to build relationships between
the performance of algorithms and the characteristics of
the data [25] to recommend the best algorithms for new
datasets [25]. Moreover, many meta-learning approaches are
utilized separately for a single-task recommendation, such as
regression or imputation [28, 39]. There are some works to
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select imputation methods using meta-learning approaches
in the literature [34, 94]. As part of an earlier study, Zou et
al. used an Extension of Learning from Examples Modules
Version 2 (ELEM2) algorithm as a meta-learner to select
different imputers such as Deletion, Median/Mode Imputa-
tion (MMI), Group/ClassMMI, EM Imputation, etc. and one
machine learning-basedmethod (k-NN) for handlingmissing
data 30 tabular datasets and missing level ranging from 10%
to 90%. They utilized simple meta-features such as the num-
ber of features and classes, trained the ELEM2 meta-model
for some new test datasets and compared classification error
rates according to ignore, k-NN, and C4.5 (without impu-
tation). Their meta-model obtained the best performance,
especially with the low levels of missing data. Similarly,
Zagatti et al. [23] developed a recommendation system to
automatically select data preprocessing methods, including
data normalization, standardization, imputation, and class
balancing. They extracted 73 meta-features from 80 tabular
datasets based on statistical and information theory methods
using 11 data preprocessing techniques and obtained 180
possible pipelines. For the meta-labeling strategy, the five
top-ranked pipelines were determined based on the accuracy
of classification models. They used the k-NN algorithm as a
meta-model to describe the most similar datasets according
to their meta-features. They compared their meta-model with
some AutoML tools, such as Auto-sklearn and Learn2Clean,
to evaluate their performances. The results were competitive
with AutoML tools in terms of performance, and it achieved
results much faster. Another study [40], aiming to be fast
and effective in algorithm selection performance, proposed a
novel approach called A Provenance Meta-Learning Frame-
work. The framework was established by considering nine
influential factors based on classification method, missing
data mechanism, missing data pattern, missing level, num-
ber of labels, numerical features, and categorical features
as inputs for meta-learning. Meta labels are determined by
imputation accuracy. The Framework reaches 77.72% accu-
racy.

In the literature, studies on the selection of regression
methods usingmeta-learning have not discussed anymissing
data problems and have focused directly on the selection of
the prediction method [28, 39]. Lorena et al. [39] adapted
data complexity meta-features such as feature correlation
measures, linearity measures, smoothness measures, geom-
etry, topology, and density measures for synthetic and real
regression tasks. They used the SVR (Support Vector Regres-
sion) method as the meta-learner to recommend 14 different
regression methods designed to set the parameter values of
the support vector regressors and estimate the type of regres-
sion function of some synthetic data sets. In recent years,
Aguiar et al. [28] extracted 58 meta-features based on statis-
tical model performance metrics related to linear regression,
data smoothness, and dataset distribution to find the most

suitable multi-target regression models. They compare base-
lines (majority, random) and some meta-learners (RF, SVM
(linear, radial, and polynomial kernels), XGB) performance.
RFmeta-model obtained the best performance. Based on pre-
vious studies, it should be noted that the impact of advanced
imputation methods on algorithm selection in cases of miss-
ing data has not been studied comprehensively enough.

3.3 Explainability of meta-model for
recommendation

Pimentel et al. proposed meta-features based on correlation
and dissimilarity for the selection of clustering algorithms.
They compared the feature importance values of the models
obtained with meta-features in different groups [41] using
model-specific methods such as Random Forest. For Ran-
dom Forest model-dependent feature importance method is
based on the mean decrease in impurity [42–46]. According
to their results, the percentage (%) of values in the interval
[0.4,0.5] was the most important, and variance and standard
deviation had a lower importance. Woźnica and Biecek [47]
created a recommendation model using the gradient boost-
ing tree algorithm and incorporated landmark meta-features
to propose the selection of the most important hyperparame-
ters for thismodel. Formodel explanation, they calculated the
importance of meta-features using model-agnostic methods.
The hierarchical clustering method was used to under-
stand the effect of highly correlated meta-features on model
performance. Ceteris Paribus (CP)/ Individual Conditional
Expectation (ICE) profile approaches were used to show the
impact of a change in the value of a variable on model out-
puts.

Kostovska et al. [48] developed an approach to select
Multi-Label classification algorithms using fivemeta-feature
groups, such as dimensionality, label distribution, label
imbalance, label relationship, and attribute metrics in dif-
ferent application domains. They calculated the importance
of the features of the model using explainability techniques
and the SHAP algorithm. Shao et al. [49] propose an inter-
pretable meta-learning framework (EFFECT) to explain
recommendation results and algorithm performance using
black (SVM, Random Forest, XGBoost, Neural network
model meta-learner, CNN, ResNet, FT-Transformer)-and-
white box (KNN and decision tree) models. Authors employ
intervention-based and counterfactual-based causation to
provide contextual explanations for the explainability of rec-
ommendation models.

We stated that this study is an extension of our previous
work [33]. In our study, only the important features (from
12 meta-features) of the recommendation model prepared
for the MCAR data mechanism were calculated. To the best
of the author’s knowledge, no other research has been pub-
lished about selecting imputer+regressor pairs based on a
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meta-learning approach for MCAR, MAR, and MNAR data
mechanisms. Moreover, we realized that the use of explain-
ability methods in recommendation models created with the
meta-learning approach has not yet been much explored. We
provided an approach for a model of recommendations.

4 Methodology

Our methodology is visualized in Figure 1 and consists of
threemain steps: 4.1: Creating ameta-database (including
steps 1.1-1.9 in Figure 1), which involves a set of 26 com-
plete datasets collected fromvarious domains, such as health,
stock market, social, and physical [50, 51]. We also utilized
the OpenML-CTR23 benchmark to select some numerical
datasets [52], and selected datasets are given in Table 9 in
Appendix C.1.

The datasets were split into train and test sets in a 75/25
ratio and generated missing data synthetically according to
the MCAR, MAR, and MNAR data mechanisms with miss-
ing levels of 1%, 5%, 10%, 30%, 50%, and 70%. MCAR
data mechanism, the probability of missing data is inde-
pendent of non-missing and missing values. MCAR data
simulation: Since we generate missing values synthetically,
we denoted the full data matrix as X and applied a binary
mask ∀ωi j ∈ �MC AR , ωi j ∈ {0, 1}n×d , via using random
variables drawn from a Bernoulli distribution B(p) on X
(ωi j ∼ B(p)).

The missingness of the MAR data mechanism depends
on the values of the observed variables. MAR data sim-
ulation : This generation includes two steps. a) A subset
of data to be observed is determined using (pobs). b) The
logistic model ωi j ∼ 1

1+e−〈w,X〉 created with random coeffi-
cients was applied to the remaining data set to create missing
values. Missing data are generated by keeping a certain pro-
portion of observed data points fixed (pobs), selects a subset
of fully observed variables and creates missing values in the
remainingvariables using a logisticmodel.We set (pobs)=0.5.
The missingness is conditional on the unobserved data in the
MNAR data mechanism.MNAR data simulation: It is sim-
ilar to theMAR data mechanism simulation, a logistic model
was used to generate missing data. This model computes the
probability of missing data using all variables, both observed
and unobserved, as inputs. Then, the input variables are ran-
domly masked according to theMCAR data mechanism. For
all missing data generation, we reproduced these similar set-
tings [53].

Meta-features: Different types of meta-features, such as
general, statistical, and complexity-based, were extracted
from missing datasets (detailed information is given in
Table 3).

We investigated studies on the selection of relevant meta-
features, from early works [54] to recent ones [25, 29, 39].

Since this study investigated the choice of imputer+regressor,
we could not access meta-features directly related to these
tasks. We used three different types of meta-feature families.
These meta-features are categorized as follows: a) General
meta-features: These meta-features represent simple charac-
teristics of datasets such as the number of features, number
of instances, and missing ratio. b) Statistical meta-features:
These represent meta-features obtained by using statisti-
cal functions. c) Data complexity meta-features: Lorena et
al. [39] proposed complexity-based meta-features for regres-
sion task. In regression problems, complexity determines
howcomplex the relationships in the dataset are, howwell the
model can learn these relationships, and how to choose the
appropriatemodel. This includes linearitymeasures, smooth-
ness, geometry, topology, and density measures [showed
MF21-26 in Table 3]. After determining the meta-feature
families that will be useful in the study, our meta-feature
analysis consists of 3 components using the meta-feature
development framework suggested by the [55] study. 1)
Object: Defines the data on which the process will be per-
formed. A feature-based selection is made, and columns
containing missing data are replaced by 0 according to the
meta-function’s capacity. 2) Meta-function: a function that
analyzes the relevant features from missing data and con-
verts it into output. A meta-function consists of an input
layer (defined by specification and arity) and an output layer
(characterizedbydatatype and arity). 3) Post-processing:The
post-processing function processes the output from themeta-
function and converts it into a meta-feature.

Imputers:We used seven imputationmethods to estimate
values for themissing data and complete themissing datasets
based on statistical, machine learning, and deep learning
methods. We selected the imputation methods utilized in the
survey [2] and benchmark study [56], ensuring a comprehen-
sive evaluation of their effectiveness.

1. Mean imputation: This is a simple method that replaces
missing data with the average of observable features
(column-wise) for a continuous variable [8].

2. k-Nearest Neighbors (k-NN) imputation: This method
estimates missing values using k-NN algorithms and
utilizes the information available from those neighbors
regarding distance [9].

3. Imputation by Chained Equations (ICE): This method is
one of the most commonly used imputers based on itera-
tive cycling in a round-robin fashion using linear models
conditioned on observed data. This approach is known as
fully conditional specification in statistical literature [6,
57]. We used Ridge regression models as an estimator.
We used the scikit-learn library for this implementation.
This implementation [58] was inspired by the R soft-
wareMICE package (Multivariate Imputation byChained
Equations [57]).
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Fig. 1 An overview of the MetaLIRS framework. We divided the data
into train and test split before imputation to prevent data information.
We consider three mechanisms for generating missing data: MCAR,
MAR and MNAR with missing levels of 1%, 5%, 10%, 30%, 50%,
and 70%. To create a meta-database, we applied six imputation meth-
ods: Mean imputer, ICE, k-NN, MLP, GAIN and VAE, to the missing

training dataset. 33 meta-features extracted from missing datasets. Six
regression models were used: XGBoost, LightGBM, AdaBoost, SVR,
RidgeRegression andMLP.At the same time, XGBoost and LightGBM
algorithms have also been trained directly with missing data. The per-
formance of these trained models on test data was evaluated. Improved
version of the methodology presented in [33]

Other iterative imputationmethodsbasedonmachine/deep
learning:

4. MLP: It has an iterative process like ICE, and column-
based prediction is performed using the MLP regres-
sor [59].

5. Generative Adversarial Imputation Networks (GAIN):
This imputation is based on generative adversarial net-
works.We used the formal implementation of GAIN [11],
but for the MAR data mechanism, we faced some prob-

lems in obtaining results, so we used this paper set-
tings [56]. It has two important components: a generator
and a discriminator. While the generator tries to produce
data that is suitable for the distribution of the data, the dis-
criminator tries to understand whether the data produced
by the generator is real or fake with the help of the hint
matrix.

6. VariationalAutoencoders (VAE):This imputationmethod
comes from a generative model class similar to GAIN. In
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Table 2 Results of a framework for systematic development of meta-features. GE: General meta-features. ST: Statistical meta-features. CO: Data
complexity-based meta-features. DS: Descriptive Statistic. F: Features excluding the target, T: Target value.

Family Meta-feature Meta-function Arity (Input) Post-processing

GE MF1 Missing ratio F Non-aggregated

GE MF2 Target Cardinality T Non-aggregated

GE MF3 Number of instance F Non-aggregated

GE MF4, MF25 Dimensionality Non-aggregated

GE MF7 Feature count F Non-aggregated

ST MF5, MF6 Standard deviation F+T DS (Mean)

ST MF8, MF9 Mean F+T DS (Mean)

ST MF10,MF11 Min, max F Non-aggregated

ST MF12, MF 13 Variance F+T DS (Mean)

ST MF26, MF29 Kurtosis F+T DS (Mean)

ST MF27, MF28 Skewness F+T DS (Mean)

ST MF30, MF31, MF32, MF33 First and last quartile F+T DS (Mean)

ST MF14, MF15,MF16, MF17, MF18 Correlation F+T DS

(Mean, sd, min., max.)

ST MF19 Covariance F DS (Mean)

CO MF20, MF21 Linear regression F+T DS (Mean)

CO MF22 Euclidean norm F+T DS (Mean)

CO MF23, MF24 Nearest neighbor regressor F+T DS (Mean)

this method, the missing data are replaced with random
noise and then reconstructed by themodel,which trains on
the data, learns the latent representations, and uses these
representations to fill in the missing values [10].

Regressors: We select various types of regressors, rang-
ing from complex black-box models (MLP, Boosting Trees,
SVM) to simple interpretable models (Ridge Regression).

1. MLP neural network (NN) consists of input, hidden, and
output layers. It is an artificial neural network that pro-
gresses from data input to output (feedforward), then
updates the weights by propagating the error signal of the
network backwards with the back propagation algorithm,
so the error decreases and the network learns (backprop-
agation) [59].

2. SVMwas proposed by Vapnik in 1995 [60]. Support Vec-
tor Machines eliminate local minima problems and reach
a single global optimum by using a convex quadratic
optimization problem to find the best-separating hyper-
plane [61].

3. AdaBoost is known as the first boosting algorithmandwas
introduced into the literature by Freund and Schapire [62].
It aims to create a strong model by bringing weak models
together. Weak models are added one after the other and
given weight in a try to reduce errors.

4. XGBoost and LightGBM are also members of Gradi-
ent Boosted Decision Tree families [63]. While XGBoost

creates deeper trees using a level-based growth strategy,
LightGBM uses three approaches: Gradient-based One-
Sided Sampling (GOSS), Exclusive Feature Bundling
(EFB), and histogram-based, and produces faster (GPU
support) and lighter models using a leaf-based growth
strategy [64]. XGBoost utilizes the ’Missing Incorpo-
rated in Attribute’ (MIA) approach to handle missing data
directly, while LightGBM employs a block propagation
strategy for the same purpose. For more details, see [7].

Ranking and Mapping: This part is the last process for
the construction of a meta-database. The performance of the
algorithms obtained in the previous steps is collected in a
database, and the Top1 imputer+regressor pair is determined
according to the RMSE values of the regressors. In more
detail, the rank distribution was defined as follows: The rank
is assigned as 1 for the first place, 2 for the second place, and
so on. The meta-features extracted from the missing data are
then mapped to the performance of the imputer+regressor
pairs. The outcomes of this stage are integrated into a single
meta-dataset by these specifications, and a recommendation
model is ultimately generated as a result of the meta-learning
process.

4.2: Training recommendation model (steps 2.1, 2.2
in Figure 1): We selected the Random Forest classifier as
the recommendation model, originally proposed in [42].
Meta-feature vectors were used as inputs and top-performer
imputer+regressor pairs were used as labels of the rec-
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Table 3 Overview of
meta-features used in this paper.
Features: Variables excluding
the target. Target: The variable
that is the prediction target of
the regression

Name Description

MF1 The missing ratio.

MF2 The number of unique values in the target value.

MF3 The number of trained instances in the dataset.

MF4 The ratio of features to instances.

MF5 The average standard deviation of the features.

MF6 The average standard deviation of the target values.

MF7 The number of features.

MF8 The mean over the feature values.

MF9 The mean over the target values.

MF10 The minimum value of the features.

MF11 The maximum value of the features.

MF12 The average variance of the features.

MF13 The average variance of the target values.

MF14 The absolute mean of the correlation between features.

MF15 The average standard deviation of the absolute correlations among the features.

MF16 The mean of the absolute correlations between features and target values.

MF17 The maximum value of the absolute correlation between features and target values.

MF18 The minimum value of the absolute correlation between features and target values.

MF19 The average value of the absolute covariance between features.

MF20 The average of the squared residuals from the linear regression (l2).

MF21 The nonlinearity of a linear regressor (l3) measure.

MF22 Input distribution measure (s2).

MF23 The error of nearest neighbor regressor (s3) measure.

MF24 The nonlinearity of a nearest neighbor regressor (s4) measure.

MF25 The ratio of instances to attributes (t2) measure.

MF26 The average kurtosis values of features.

MF27 The average skewness values of features.

MF28 The average skewness values of target values.

MF29 The average kurtosis values of target values.

MF30 The average of last quartile values of the features.

MF31 The average of last quartile values of target values.

MF32 The average of first quartile values of target values.

MF33 The average of first quartile values of the features.

ommendation model. Appendix C.1 shows the class label
distributions. Other classes have been created for recom-
mendation models according to MCAR, MAR, and MNAR
data mechanisms with performance values below a certain
threshold (fewer than 7 occurrences). This results in a total of
six classes. The Leave-One-Out Cross-Validation (LOOCV)
strategy evaluated the model’s overall performance.

Comparison baselines: We used some baselines (search
and Large Language Model (LLM) based models) to com-
pare our recommendation models for MCAR, MAR, and
MNAR data mechanisms performances. Moreover, we cal-
culated the difference between the outputs generated by the
recommendation model and the optimal values to evaluate
the model’s performance. The datasets used for testing were

randomly selected from the framework. In the results section,
we provided detailed information.

Explainability and interpretability of recommenda-
tion model: We selected two different explanation types:
feature importance calculation and decision rules. We prefer
to use model-agnostic methods to calculate feature impor-
tance values. Model-agnostic methods are flexible strategies
that aim to interpret black-box model predictions of black-
box models without considering the model’s internal struc-
ture [32]. The most popular model-agnostic method is SHAP
(SHapley Additive exPlanations), which calculates Shapley
values and provides explanations of the importance of fea-
tures globally and locally [65, 66].
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Decision rules: These rules represent a set of requirements
for tree-branching architectures. For prediction algorithms,
split points are determined according to a certain threshold
value between features, separate the data into relevant labels
and create rules [32]. A comprehensive rule list is created
by aggregating different rules according to the majority class
for a given instance.

4.3: Recommendation (including steps 3.1, 3.2 in Fig-
ure 1): The data analyst uses the trained models we provide,
leveraging the meta-features extracted from the test data, to
identify the most suitable imputer/regressor pair for their
dataset through the recommendation model. When the rec-
ommendationmodel recommends an additional (other) class,
the imputer/regressor pair with the highest frequency in that
group is selected.

For more detail, we also explained our approach bymeans
of three algorithms in Appendix B.

Baselines (including steps 2.2 in Figure 1): In this study,
we build our work on algorithm selection problem [38,
67]. Current algorithm selection methods include Bayesian
optimization-based approaches, such as Auto-Sklearn, and
evaluation-based algorithms, such as TPOT. Additionally,
we experimented with the recent popular natural language
processing (NLP)modelChatGPTasbaselines for our frame-
work. We compare the recommendation models we built for
each missing data mechanism to the following three base-
lines:

1. Auto-Sklearn: This framework automatically produces
machine learning pipelines that use Bayesian optimiza-
tion to find optimal pipelines [19].

2. Tree-Based PipelineOptimization Tool (TPOT): This tool
uses a genetic programming-based optimizer to find opti-
mal results [68].

3. ChatGPT-4: This is an artificial intelligence language
model based (LLM) on a Generative Pre-trained Trans-
former (GPT) developed by OpenAI [69]. GPT models
are designed to generate sentences, texts or paragraphs.
Improved versions are released to the public every year
and have a lot of parameters. GPT has 175 billion param-
eters [70]. It has a maximum response capacity of 4,096
tokens and a context window of 128,000 tokens. It was
last updated on April 9, 2024 [71].

5 Results

5.1 Interaction between imputers and regressors

Table 4a, 4b, and4c shows theperformanceof imputer/regressor
pairs in terms of the number of times the pair achieves the best
rank under the MCAR, MAR, andMNAR data mechanisms,
respectively.

It can be seen in the Top5 lists that for all missing data
mechanisms, LightGBMwithout imputation is the best com-
bination for most data sets. The combination achieves best
rank for 28%, 24%, and 27% of the data sets for MCAR,
MAR, andMNAR, respectively. Ridge is present as a regres-
sor in every Top5, but it only reaches the best rank in
combination with different imputers. Furthermore, it can be
observed that imputersMean, GAIN andVAE and regressors
SVM, AdaBoost, andMLP are in none of the three Top5 lists
in any combination.

Regarding imputer/regressor selection, the results for
MCAR and MNAR resemble each other quite well while
MAR paints a rather different picture. For the MAR mech-
anism, XGBoost with no imputation achieves the best rank
almost as often as LightGBM with no imputation. More-
over, a combinationwith KNN appears less advisable instead
favoring ICE or MLP. It is an open question why the same
imputer/regressor pairs function well for MCAR andMNAR
mechanisms while apparently different choices are best for
MAR.

Overall, it can be concluded that there is no single opti-
mal imputer/regressor combination. The performance of the
various combinations varies significantly depending on the
characteristics of the dataset and the missing data mech-
anisms involved. Although LightGBM combined with no
imputation came out on top, it is only the best choice in
27% of the cases overall.

5.2 Comparison of MetaLIRS to other algorithm
selection tools

Table 5 shows performance comparison results of MetaLIRS
with these tools: (1) TPOT framework, (2) Auto-sklearn, and
(3) ChatGPT-4. We compare the tools in terms of prediction
time and RMSE values of the imputer+regressor recommen-
dation pairs.

The “Time factor” column in Table 5 shows speed factors
ranging from 290 to 200043 and indicates how much faster
the MetaLIRS model is compared to the best-performing
model or, in caseswhereMetaLIRShas the best performance,
howmuch faster it is compared to the runner-up model. Met-
aLIRS is several orders ofmagnitude faster than search-based
or LLM-based recommendation approaches, even though
Auto-sklearn and TPOT only consider simple imputers. The
“Differences” column shows that a trained model using the
MetaLIRS recommendation has comparable performance to
a model trained with the recommendation of the best recom-
mendation system, highlighting the percentage differences
in performance based on RMSE. As the amount of missing
data increases, the prediction task becomes harder.Hence, the
performance of resulting regression models becomes lower
in terms of higher RMSE. There is also more diversity in
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Table 4 Performance of imputer/regressor pairs under three missing
data mechanisms in terms of the number of times the pair achieves the
best rank. Data sets were generated synthetically for the three missing
data mechanisms for six levels of missingness (1%, 5%, 10%, 30%,

50%, 70%). We assigned a score of 1 to the method with the lowest
RMSE. The best ranks are calculated as the average of the results from
five running experiments with different seeds. No Imp. refers to No
Imputation

Imputation Methods Regression models
SVM XGBoost LightGBM AdaBoost MLP Ridge Total

(a) Synthetic generation of 156 datasets by applying the MCAR data mechanism to 26 original datasets.

No Imputation - - 44 - - - 44

- 6 - - - - 6

KNN - 1 19 1 2 14 37

Mean - 1 1 - 1 - 3

ICE 1 1 13 1 - 5 21

MLP 2 1 19 3 - 6 31

GAIN - 4 - - 2 6

VAE - 3 3 - - 2 8

Total 3 13 103 5 3 29 156

Top-5 MCAR

1 LightGBM + No Imp.

2 LightGBM + KNN

LightGBM + MLP

4 Ridge + KNN

5 LightGBM + ICE

No Imputation - - 22 - - - 22

- 21 - - - - 21

KNN 3 - - 2 5

Mean - - 5 - - - 5

ICE 1 - 5 4 - 8 18

MLP - - 7 1 - 7 15

GAIN 1 1

VAE - - - 1 - 2 3

Total 1 21 42 7 - 19 90

Top-5 MAR

1 LightGBM + No Imp.

2 XGBoost + No Imp.

3 Ridge + ICE

4 Ridge + MLP

LightGBM + MLP

No Imputation - - 42 - - - 42

- 2 - - - - 2

KNN - 2 22 8 32

Mean - - 4 1 1 3 9

ICE 2 1 8 2 1 9 23

MLP - 2 16 1 - 13 32

GAIN 1 2 3 - - 2 8

VAE - 3 2 1 - 2 8

Total 3 12 97 6 2 37 156
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Table 4 continued

Imputation Methods Regression models
SVM XGBoost LightGBM AdaBoost MLP Ridge Total

Top-5 MNAR

1 LightGBM + No Imp.

2 LightGBM + KNN

3 LightGBM + MLP

4 Ridge + MLP

5 Ridge + ICE

Table 5 Performance in terms of RMSE of a trained model using
the imputer/regressor as recommended by our MetaLIRS, TPOT,
Auto-sklearn, and ChatGPT. The best results are shown in bold; the
second-best performers with an absolute percentage difference within
4% of the Top-RMSE are shown in italics. The differences (%) rep-

resent the relative performance variation between the top-performing
tool and MetaLIRS. Time factor shows how much faster MetaLIRS is
compared to the best-performing model when MetaLIRS is not the top
performer. Conversely, when MetaLIRS is the best performer, it shows
how much faster it is compared to the runner-up model.

Data mechanism Datasets MetaLIRS TPOT Auto-sklearn Chat- GPT Differences (%) Time factor

MCAR Wine-red%1 [72] 0.61 0.59 0.59 0.64 -3.28 1319

Wine-red%70 0.69 0.70 0.69 0.71 0 150303

Concrete%70 10.23 10.45 9.27 10.23 -9.38 99312

Diamonds%70 [50] 465.40 452.88 431.67 508.28 -7.25 20179

Parkinson%1 [73] 1.38 1.35 1.48 12.30 -2.17 30768

Parkinson%70 6.66 7.10 6.3 7.12 -5.41 20023

MAR Wine-red%1 0.60 0.59 0.59 0.60 -1.67 290

Wine-red%70 0.65 0.74 0.66 0.61 -6.15 200043

Concrete%70 4.97 10.45 9.59 5.06 1.81 N/A

Diamonds%70 318.77 452.88 249.63 302.58 -21.69 8398

Parkinson%1 1.34 1.35 1.23 2.32 -8.21 119638

Parkinson%70 1.39 7.10 6.42 2.14 53.96 119188

MNAR Wine-red%1 0.59 0.59 0.59 0.60 0 3150

Wine-red%70 0.71 0.73 0.67 0.76 -5.63 3868

Concrete%70 5.93 10.45 9.43 8.32 40.30 2838

Diamonds%70 387.26 417.62 369.54 605.05 -4.58 866

Parkinson%1 1.35 1.56 1.15 1.44 -14.81 100083

Parkinson%70 7.10 6.86 7.54 6.93 -3.38 5853

The lowest RMSE values and the percentage differences in cases where MetaLIRS achieves the lowest RMSE are shown in bold

which imputer/regressor pair is best under these circum-
stances, which also shows with the recommenders.

ChatGPT shows overall quite acceptable recommenda-
tions. This is quite surprising since it wasn’t engineered for
this purpose at all.

Auto-Sklearn had the lowest RMSE in the two cases.
Our proposed model performed the best for the Concrete
dataset%70 and Parkinson%70, while the Wine-red%1, and
Wine-red%70 datasets showed similar performance to the
optimum result.

When we look at the results for the MNAR mechanism,
it is observed that MetaLIRS performed better in more cases
than the MCAR and MAR mechanisms.

It is worth noting that Auto-sklearn and TPOT tools do not
have the capability to select both an imputer and a regressor
automatically. Even though they have simple imputers like
mean and median imputation, the prediction time takes sig-
nificantly longer compared to our model.

Interestingly, it has been observed that ChatGPT-4 shows
similar results to other tools except for Parkinson%1 and
Diamonds%70 data sets.

For the MAR data mechanism model, it can be observed
thatAuto-sklearngenerally achieves thebest results.Although
there are fewer meta-instances in our meta-database than for
the MCAR and MNAR mechanisms, MetaLIRS has con-
sistently produced nearly optimal recommendations, while
Auto-sklearn performs well in most cases.
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Table 6 Evaluation metrics results for the recommendation model with
MCAR,MAR, andMNAR data mechanisms are presented. Higher val-
ues indicate better performance for all metrics. The results are shown
as the mean and standard deviation over 30 different random initializa-
tions using the Leave One Out split method. The Accuracy of random
selection is determined as 17% since the recommendation models have
six classes. “Mecha.” means “missing data mechanism”.

Mecha. Accuracy Precision Recall F1-score

MCAR 0.63±0.02 0.64±0.02 0.63±0.02 0.63±0.02

MAR 0.67±0.03 0.69±0.03 0.67±0.03 0.67±0.03

MNAR 0.64±0.02 0.63±0.02 0.64±0.02 0.63±0.02

For the MNAR data mechanism, while MetaLIRS shows
the best performance three times, TPOT shows the best per-
formance two times. This is especially true for wine-quality
datasets, as all data mechanism results are similar.

To sum up these three analyses, it can be said that Met-
aLIRS reached advanced AutoML tools most of the time.
No model consistently produced the best results across the
datasets in a dominant way, even while each model outper-
formed the others on specific datasets. Moreover, as shown
in Table 5, MetaLIRS provides great advantages in terms of
recommendation time.

5.3 Performance of recommendationmodel

Table 6 shows the performance of the recommendationmodel
based on accuracy, precision, recall, and F1-score.

To evaluate the impact of a non-optimal recommendation
by MetaLIRS, we compared the performance of a model
trained using the optimal imputer+regressor pair with the
recommended pair. The results are presented in Table 7.
For the selected datasets, two show a difference of less than
5% between the optimal performance and the performance
reached according to the recommendation. This means that
even though the recommender has an accuracy of 63%-67%
(see Table 6), following the recommendation almost always
leads to a model with near-optimal performance. We also
analyze the evaluation metrics of recommendations, consid-
ering caseswhere themodel’s predictions, with a deviation of
less than 5% from the optimal value, are accepted as correct.
Results are shown in Table 18 in the Appendix C.3.

5.4 Explainability of recommendations

We focus in this paper on model-agnostic methods for
explainability. Model-agnostic methods are strategies that
aim to interpret predictions of black-boxmodelswithout con-
sidering the model’s internal structure. One such method,
SHAP (Shapley Additive exPlanations) calculates Shapley
values to measure each feature’s contribution to the model’s
output. By doing so, SHAP provides data analysts with

insights into the importance of features in a model’s pre-
dictions.

Figure 2 and 3 contain summary plots that illustrate
feature effects and feature importance (based on Shapley
values) for the MLP/LightGBM class and the No impu-
tation/LightGBM class, respectively, across three different
data mechanisms. The Top1 meta-feature varies among the
missing data mechanisms. For example, the Top1 feature
ranking frequently shows variability in the prediction of class
MLP/LightGBM, depending on the missing data mecha-
nisms. The number of features (MF7) meta-feature is the
most important, while the average of first quartile values of
the dataset meta-feature (MF33) is the most important for
the MAR data mechanism for MLP/LightGBM class pre-
diction. The maximum value of the features (MF11) is the
most important meta-feature for the MNAR data mecha-
nism. This meta-feature is also ranked second in importance
for the MCAR data mechanism. Low values of the maxi-
mum value of the features (MF11) meta-feature negatively
affect MLP/LightGBM predictions for MCAR and MNAR
data mechanisms. The average of the squared residuals from
the linear regression (MF20) is a meta-feature that is among
the Top5 most important meta-features for MCAR andMAR
data mechanisms. However, the high value of the average
of the squared residuals from the linear regression (MF20)
meta-feature has a negative effect on model output for the
models of MCAR and MAR data mechanisms. There are
some interesting results for MLP/LightGBM class predic-
tion, while themeta-feature derived from the average quartile
values of features within the same family is highly impor-
tant for the model’s output, the same meta-feature for target
values has minimal impact. This unexpected result suggests
that the quartile characteristics of the target variable con-
tribute little to the model’s decisions, unlike those of input
features, challenging the assumption that similar statistical
metrics hold comparable relevance for both surprisingly. In
predicting the no imputation/LightGBM class, the number
of features (MF7) meta-feature and the number of unique
values in the target variable (MF2) meta-feature have impor-
tant impacts under theMCAR andMNAR data mechanisms,
respectively, similar to in the previous class prediction. Fur-
thermore, the average of the last quartile values of the dataset
meta-feature (MF31) is the most important for the no impu-
tation/LightGBM class under the MAR data mechanism
scenario. The average of the squared residuals from the lin-
ear regression (MF20) is the only meta-feature that is among
the Top5 most important meta-features for predicting both
classes for the MAR data mechanism. Interestingly, a low
value of this meta-feature negatively impacts the model’s
output for class no imputation/LightGBM, while positively
contributing to the prediction of class MLP/LightGBM. This
shows that the meta-feature important for predicting these
classes is related to the effect of the imputation method. The
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Table 7 Difference between the performance of a trained model using the recommended vs. the best imputer/regressor pair in terms of RMSE.
Experiments run one time. The lowest percentage values are shown in bold

Dataset Mechanism RM SErec. Recommendation RM SEbest Best pair Percentage (%)

Geo.001 MCAR 16.02 LightGBM (No Imp.) 16.02 LightGBM (No Imp.) 0.00

Qsar.005 MCAR 0.88 k-NN+LightGBM 0.84 SVM+MLP 4.55

Space.005 MCAR 0.11 k-NN+LightGBM 0.11 k-NN+LightGBM 0.00

Wisc.001 MAR 34.46 XGBoost (No imp.) 33.24 GAIN+ADABoost 3.54

Bupa001 MAR 3.11 Other 2.88 GAIN+ADABoost 7.40

Kin8030 MAR 0.02 LightGBM (No Imp.) 0.02 LightGBM (No Imp.) 0.00

Qsar030 MAR 0.06 XGBoost (No Imp.) 0.00 VAE+Ridge 100.00

Cars005 MNAR 2389.72 Other 2306.27 k-NN+LightGBM 3.49

CASP070 MNAR 4.80 LightGBM (No Imp.) 4.79 Mean+LightGBM 0.21

CPU070 MNAR 4.69 Other 4.69 ICE+LightGBM 0.00

Delta030 MNAR 0.00 Other 0.00 GAIN+Ridge 0.00

positive contribution of a low average of the squared residu-
als from the linear regression (MF20) value to the model can
be explained by the fact that MLP models effectively handle
data with low linearity.

Additionally, meta-features that are not very significant
for MLP/LightGBM class prediction show fluctuation based
on the missing data mechanisms. Under the MCAR data
mechanism, for instance, the nonlinearity of linear regres-
sion (MF21) meta-feature has the lowest contribution in
class MLP/LightGBM prediction; under the MAR mech-
anism, the average of first quartile values of target values
(MF32) is the least significant; and under the MNAR mech-
anism, the average of last quartile values of the dataset
(MF30) has the smallest influence. For prediction of no impu-
tation/LightGBM class, while the average of last quartile
values of target values meta-feature (MF31) has not so much
effect on model output for MCAR data mechanism, the same
meta-feature has themost important factor according toMAR
data mechanism. In summary, the impact of meta-features
differs for both classes and missing data mechanisms.

The impact of meta-features on prediction, represented
by mean SHAP values aggregated importance of the meta-
features in each missing data mechanism, is shown in
Figure 4. We draw lines between the Top20 meta-features
of the three recommendation models.

If the meta-features are unimportant (i.e., not among
the Top20), the line is marked in gray. According to this
line figure, the number of unique values in the target val-
ues (MF2), the average standard deviation of the absolute
correlations among the features (MF15), the average of
first quartile values of the dataset (MF33) meta-features are
among the Top5 most important features for the MCAR and
MNAR data mechanisms. Interestingly, the meta-features
important for the MAR mechanism, except for the aver-
age of first quartile values of the dataset (MF33) meta-

feature, are considered less important for the MCAR and
MNAR data mechanisms. The reason for this could be the
label distribution in each model. In the recommendation
model for the MAR data mechanism, classes no impu-
tation/LightGBM and MLP/LightGBM are overlapping,
whereas in the MCAR and MNAR models, there are more
overlapping outputs in the meta-databases, which allows
them to provide recommendation outputs for no imputa-
tion+LightGBM, KNN+LightGBM, and MLP+LightGBM.

Figure C.1 shows the aggregated rules that were taken
from the Random Forest model for sample 35th according
to MCAR and MAR data mechanisms. These rules present
decision rules based on certain thresholds for meta-features
(MFs) under various scenarios. The levels at which a meta-
feature becomes significant in impacting the result for this
specific sample are shown in the ’Higher’ and ’Smaller’
columns. This analysis was conducted by selecting the 35th
sample, which shows differences in the output of the recom-
mendation model. ICE/LightGBM class was predicted for
the MCAR data mechanism, and the MLP/LightGBM class
was predicted for the MNAR data mechanism, respectively,
based on the 35th sample. The average standard deviation of
the target values (MF6), the average variance of the target
values (MF13), and the average of the last quartile values
of target values (MF31) were not observed in the rules for
MCAR data mechanism, while the missing ratio (MF1), the
mean over the target values (MF9), the minimum value of
the features (MF10), the average standard deviation of the
absolute correlations among the features (MF15), and the
average of first quartile values of target values (MF32) did
not appeared in the rules. The absolute mean of the correla-
tion between (MF14) does not have any effect on the model’s
output for MCAR and MNAR data mechanisms. The mean
over the feature values (MF8) was not observed in the rules
for MCAR and MNAR data mechanisms. The mean over
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Fig. 2 Beeswarm summary plot of theTop20 meta-features using SHAP
values of input meta-features on the predictive performance of the
Random Forest recommendation model for the MLP/LightGBM class
according to the three missing data mechanisms. The x-axis denotes the

SHAP value, with each row corresponding to a meta-feature. Each dot
represents the Shapley value of the meta-feature for one instance where
red dots show higher feature values and blue dots show lower ones

the target values (MF9), the average kurtosis values of fea-
tures (MF26), and the average of first quartile values of target
values (MF32) were not observed in the rule list for this
sample according to the MCAR data mechanism. Analyzing
the common features of these meta-features, it is observed
that they are related to the target value or the label column.
The average of the squared residuals from the linear regres-
sion (MF20), the nonlinearity of a linear regressor measure

(MF21), and the average of the last quartile values of target
values (MF31) were not listed among the important features
of the MNAR data mechanism. These results align with the
findings shown in the feature importance figures in Figure 4.
As seen in Figure 4, these meta-features do not appear in
the Top20 most important feature lists, except for the abso-
lute mean of the correlation between (MF14).
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Fig. 3 Beeswarm summary plot of theTop20 meta-features using SHAP
values of input meta-features on the predictive performance of the Ran-
dom Forest recommendation model for the No imputation/LightGBM
class according to the three missing data mechanisms. The x-axis

denotes the SHAP value, with each row corresponding to a meta-
feature. Each dot represents the Shapley value of the meta-feature for
one instance where red dots show higher feature values and blue dots
show lower ones

6 Discussion

In this section, we discuss the extended MetaLIRS frame-
work for selecting the imputer+regressor pair and develop
by means of a meta-features-based recommendation model.
In the following, we present a few of the most significant
findings.

6.1 Interaction between imputer and regressor

We investigated the interaction between imputer and regres-
sor based on RMSE values of regressors to build a rec-
ommendation model using meta-learning approaches (see
Tables 4a, 4b and 4c). The list of Top5 imputer/regressor
pairs varied across different missing data mechanisms. How-
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Fig. 4 Meta-feature importance evaluated using themean SHAPvalues
aggregated over all classes. On the bottom right a pairwise comparison
between the rankings (MCAR ranking repeated on the right to show all

three pairs). Black lines relate the positions of the same meta-feature in
the pair; gray lines denote a rank below the Top20

ever, using LightGBM without any imputation method was
the common method that gave the best results for all three
missing data mechanisms. This is due to the LightGBM
algorithm’s ability to use the block propagation approach
to handle missing data. Thanks to this approach, a splitting
is made only on the non-missing values; missing values are
directed to one side as a block, and this direction is performed
in the direction of the branch that minimizes the error [74].

6.2 Performance and explainability of
recommendationmodels

Random Forest has been chosen for the recommendation
model, which is expected to perform well and can be
explained well in this framework.

The performance of the models we present in Table 5
is compared with various AutoML tools and the GPT-4
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Table 8 Aggregated decision rules for 35th sample based on different
missing data mechanisms: missing completely at random (MCAR) and
missing at random (MAR) represented from left to right in the figures.
Outputs of predictions of 35th sample: For MCAR: ICE/LightGBM,
For MAR: MLP/LightGBM

model. GPT-4, while not performing as well as other tools
in most cases, interestingly demonstrates good performance
in certain situations. However, since ChatGPT is a large
language-based black-box model, its decision-making pro-
cess is often unclear. It cannot be said that it showed a good
performance in terms of transparency and performance. In
addition, when we asked questions similar to ChatGPT in
the same time period, it was observed that it made similar
predictions even for different datasets. Another disadvan-
tage of ChatGPT-4 is that a different recommendation can be
expected when making the same recommendation request.

These recommendation models represent the classifica-
tion algorithms used to determine the best imputer/regressor
pair based on meta-features. Therefore, we evaluated the
performance of these models by using the metrics of the
classification algorithm. Performances also change based on
missing data mechanisms (see Table 6). Although the sim-
ulations of MCAR and MNAR data mechanisms are very
different from each other, it can be observed that this dif-
ference does not influence the selection of imputer/regressor
much since real-world patterns are probably more intricate
and complex than those produced by simulation. Interest-

ingly, the distribution of feature importance changes based
onmissing datamechanisms. For theMNAR(MissingNotAt
Random) data mechanism, it has been observed that impor-
tant features are often those that are unaffected by missing
data generation, such as the number of unique values in
the target (MF2) and the number of trained instances in the
dataset (MF3). Based on these findings, meta-features with
basic information have a greater impact on the recommenda-
tion model decisions than meta-features with values that are
more prone to change.

7 Limitations

We propose a recommendation model for datasets with
important missing data mechanisms (MCAR, MAR, and
MNAR) and datasets with various missing data levels to
ensure robustness. Despite the achievements, this study has
some limitations:

• Each dataset is mapped to a single imputer + regres-
sor pair. Some pairs have shown success in only a very
small number of cases. Pairs below a certain threshold are
aggregated as “other”. When the recommendation model
recommends the “other” option, the optimal imputer +
regressor pair cannot be reached directly. The perfor-
mance of the suboptimal imputer + regressor pair, which
shows the best performance for more than one under
“other”, is calculated. For this reason, it is not guaran-
teed that the optimal imputer + regressor pair will be
obtained when the recommendation model recommends
the “other” option.

• Our recommendationmodel is designed for and limited to
tabular datasets. Datasets with image, text or time series
data are beyond the scope of this study.

• The recommendation model chooses the best imputer-
regressor pair based on a single performance measure. In
particular, in creating recommendation models, priority
is given to prediction accuracy metrics such as RMSE,
ignoring the execution time of different regressors and
the accuracy of imputationmethods.While this approach
aims to maximize prediction performance, it does not
take into account situations where users may prefer
faster but potentially less accurate regressors. Therefore,
the model may not be suitable for applications where
computational efficiency or imputation quality is more
important than prediction accuracy. Advanced weighted
performance metrics can be developed for future work
where critical metrics such as imputation performance,
regressor performance, and execution time are important.
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8 Conclusion

We answer our three main research questions in this section.
The findings (see Figure 7) related to RQ1 (How can we
design a framework for the recommendation to select a (near)
optimal imputer/regressor pair?) demonstrate that a proof-
of-concept Random Forest-based recommendation model
constructed with MetaLIRS yields promising results for data
scientist. These findings are based on extensive experimental
training data from various meta-features, datasets, impu-
tation and regression methods, and missingness scenarios.
Although TPOT and Auto-sklearn have more regressors and
perform hyperparameter optimization, our MetaLIRS-based
recommendation model achieves similar performance orders
of magnitude faster and uses fewer resources. Furthermore,
it has been shown that non-optimal recommendations for
imputer+regressor lead to only marginal loss in the perfor-
manceof themodel that is trained according to the suboptimal
recommendation. In most cases, it also outperforms large
language models such as ChatGPT (see Table 5). In the
future, performance comparisons can be made by invest-
ing in exhaustive experiments with additional regressors and
imputers, thus enriching themeta-database of the framework.
Furthermore, comparisons with other big language models
can be an interesting study.

To answer RQ2 (How can the performance of the recom-
mendation (meta) model change based on different missing
data mechanisms?) We create three recommendation mod-
els based on MCAR, MAR, and MNAR data mechanisms.
AlthoughMCARandMNARhave similar performance,with
63-64% accuracy, respectively, the model of the MAR data
mechanism has shown better performance with 67% accu-
racy. This model showed results that were very close to the
best-performing pair, even in the case of high missing data
(see Table 18). Interesting future work would be to apply fea-
ture selection to the recommendation model for the purpose
of an even smaller, faster, more accurate, and better explain-
able recommendation model.

To address RQ3 (How can global and local explana-
tions be obtained for selecting an imputer/regressor pair?)
To obtain a more explainable recommendation model, we
applied the SHAP method for global explanations and
extracted decision rules for local explanations. According to
the SHAPmethod, no common meta-features were observed
when looking at the Top5 important features (except the
average of the first quartile values of the features MF33).
Althoughwe emulatedMCARandMNARdatamechanisms,
the recommendation model has similar results, and explain-
ability can change based on missing data mechanisms.

The explainability support in our MetaLIRS can help
data analysts investigate the important meta-features of the
recommendations and understand how meta-feature impor-
tance is different for the different missing data mechanisms.

In this paper, the MetaLIRS framework was extended with
an explainability component. In this way, data analysts can
determinewhichmeta-features are important for theirmodels
and reach local explanations through decision rules. These
rules increase explainability, allowing users to understand
better the model’s decision-making processes, how it func-
tions in specific circumstances and the reasoning behind its
conclusions, while also providing insight into the conditions
under which specific regression or imputation methods work
well or poorly. Data analysts can createmore trustworthy and
transparent models in this way.

Appendix A Table of Abbreviations

Appendix B Pseudocode of themethodology

Algorithm 1: Create meta-database
Output: META_DB: datasets × missing data levels × missing

data mechanisms × imputers × regressors
1 function SETMETADB(datasets, missingDataLevels, imputers,
regressors):

2 meta_db = [ ];
3 foreach dataset ds in datasets do
4 (train_ds, test_ds) = Split (ds, 75%, 25%);
5 foreach missing data level ml in missingDataLevels do
6 foreach missing mechanism mm in {‘MCAR’, ‘MAR’,

‘MNAR’} do
7 perf = [ ]; mf_ds = [ ];
8 missing_ds = GenerateMissingData

(train_ds, ml, mm);
9 mf_ds = ComputeMetafeatures

(missing_ds);
10 foreach imputer imp in imputers do
11 imputed_ds = ImputeMissingData (imp,

missing_ds);
12 foreach regressor reg in regressors do
13 model = TrainModel (reg, imputed_ds);
14 rmse = EvaluateModel (model,

test_ds);
15 perf[imp, reg] = rmse;

16 sort perf by rmse;
17 foreach imputer imp in imputers do
18 foreach regressor reg in regressors do
19 rank = index of (imp, reg) in perf;
20 append ds, ml, mm, imp, reg, mf_ds,

perf[imp, reg], rank to meta_db;

21 return meta_db;
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Abbreviation Description

MCAR Missing Completely-At-Random
MAR Missing-At-Random
MNAR Missing Not-At-Random
ML Machine Learning
k-NN k-Nearest Neighbors
VAEs Variational Autoencoders
GAIN Generative Adversarial Imputation Networks
MIA Missing Incorporated in Attributes
XGBoost eXtreme Gradient Boosting
LightGBM Light Gradient Boosting Machine
AutoML Automated Machine Learning
TPOT Tree-based Pipeline Optimization Tool
JADBio Just Add Data Bio
XAI Explainable AI
ELEM2 Examples Modules Version 2
imp. Imputers
reg. Regressors
TT imp. The trial and error method for imputers
TT reg. The trial and error method for regressors
Mecha. missing data mechanism
AM Adversarially Missing
RF Random Forest
SVM Support Vector Machine
SVR Support Vector Regression
MMI Mean/Mode Imputation
CP Ceteris Paribus
ICE Individual Conditional Expectation
CNN Convolutional Neural Network
ResNet Residual Neural Network
FT-Transformer Feature Tokenizer + Transformer
GE General Meta-Features
ST Statistical Meta-Features
CO Data Complexity-Based Meta-Features
DS Descriptive Statistic
ICE imputation Imputation by Chained Equations
MICE Multivariate Imputation by Chained Equation
NN Neural Network
GOSS Gradient-based One-Sided Sampling
EFB Exclusive Feature Bundling
LOOCV Leave-One-Out Cross-Validation
LLM Large Language Model based models
SHAP SHapley Additive exPlanations
NLP Natural Language Processing
GPT Generative Pre-trained Transformer
MLP Multilayer Perceptron

Appendix C Data characteristics

We rescaled the columns to the same range using standard
scaling.Basic data characteristics are shown inTable 9. [GO],
[NA], [MH], [H8], [PU], [CPU], [BN], [SC], [PP], [Q], and
[LO] were removed for the MAR data mechanism model.

C.1 Label distributions

In Table 10, 12, and 14 the label setting for the recommen-
dation models according to MCAR, MAR, and MNAR data
mechanisms are shown. Since the classes did not have a bal-
anced distribution, the classes with a frequency below seven

Algorithm 2: Construct training set for metalearning
Output: Dataset for training the recommendation model

1 function CONSTRUCTRECOMMENDATIONDATASET(mm,
meta_db):

2 recommendation_ds = [ ];
3 foreach row in meta_db do
4 label = DetermineLabel (row.imp, row.reg);
5 if row.rank == 1 and row.mm == mm then
6 append row.mf_ds, label to recommendation_ds;

7 return recommendation_ds

Algorithm 3: Train recommendation model per missing
mechanism
Output: Model predicting best imputer/regressor pair given

meta-features of a dataset
1 function PERFORMMETALEARNING(mm, meta_db):
2 recommendation_ds =

CONSTRUCTRECOMMENDATIONDATASET (mm, meta_db);
3 return TrainModel (‘RandomForest’,

recommendation_ds);

4 trained_model_MCAR = PERFORMMETALEARNING(‘MCAR’,
meta_db);

5 trained_model_MAR = PERFORMMETALEARNING(‘MAR’,
meta_db);

6 trained_model_MNAR = PERFORMMETALEARNING(‘MNAR’,
meta_db);

Algorithm 4: Evaluate recommendation model
Output: Estimated accuracy

1 function EVALUATEPERFORMANCE(mm, meta_db):
2 recommendation_ds =

CONSTRUCTRECOMMENDATIONDATASET (mm, meta_db);
3 nr_correct_predictions = 0;
4 foreach row in recommendation_ds do
5 train_ds = recommendation_ds except row;
6 m = TrainModel (‘RandomForest’, train_ds);
7 if ApplyModel (m, row.mf_ds) == row.label then
8 nr_correct_predictions++;

9 return nr_correct_predictions / | recommendation_ds |;

were grouped before training the recommendation model,
and the model was trained with six classes (Table 11, 13,
and 15).

C.2 Experimental Set Up

For mean, k-NN, ICE, and MLP imputer, we utilized the
Scikit-learn library. ICE and MLP require a simple initial
imputer for the first iteration, for which we use mean impu-
tation.

For k-NN imputer, the Euclidean distance determines the
neighbors.We used original paper approaches for GAIN [11]
and VAE [10] imputation. To obtain reproducible results,
we used the experimental setting of Jager et al. [56] for the
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Table 9 Dataset characteristics Repository Name Instances Features Source

Open ML ID:191 Wisconsin [Wisc.] 194 32 [75]

Open ML ID:8 Liver Disorder [LD] 345 5 [76]

Open ML ID:44994 Cars [CA] 804 17 [77]

UCI Physicochemical Properties [CASP] 45730 9 [78]

Open ML ID:209 Quake [Q] 2178 3 [79]

Open ML ID:218 House8L [H8] 22784 8 [80]

Open ML ID:23515 Sulfur [SU] 10081 6 [81]

Open ML ID:42636 Long [LO] 4477 19 [50]

Open ML ID:673 Chscasecensus2 [CH] 400 7 [82]

Open ML ID:40691 Wine quality red [WQR] 1599 11 [72]

Open ML ID:40498 Wine quality white [WQW] 4898 11 [72]

Open ML ID:189 Kin8nm [KIN8] 8192 8 [83]

Open ML ID:225 Puma [PU] 8192 8 [80]

Open ML ID:198 Delta Elevators [Delta] 9517 6 [80]

Open ML ID:42545 Stockfardamento02 [ST] 6277 6 [50]

Open ML ID:44957 Airfoilselfnoise [AS] 1503 5 [84]

Open ML ID:1200 BNG (stock) [BN] 59049 9 [50]

Open ML ID:4353 Concrete [CO] 1030 8 [50]

Open ML ID:44978 CPUActivity [CPU] 8192 21 [50]

Open ML ID:44965 Geographicalorigin of music [GO] 1059 116 [85]

Open ML ID:537 CaliforniaHousing [CP] 20640 8 [86]

Open ML ID:43093 MiamiHousing [MH] 13932 16 [50]

Open ML ID:44969 Naval [NA] 11934 14 [87]

Open ML ID:44969 Qsar fish [Qsar] 987 6 [88]

Open ML ID:507 Space-ga [Space.] 3107 6 [86]

UCI Super Conductivity [SC] 21263 81 [89]

training phase: a batch size of 64 and a maximum of 50
epochs.

Regarding regressors,We used the scikit-learn library [58]
and its default settings for implementing the MLP [59],
AdaBoost [62], SVR [60], and Ridge regressor [90]; for
XGBoost [14] and LightGBM [91] regressors, we chose the
original paper references. Used hyperparameters are shown
in Table 16.

In relation to baseline recommendation model settings,
for Auto-sklearn, we used the 0.15.0 version. Each model’s
training and evaluation time are limited to 30 seconds, and
a dataset’s overall processing time is limited to around 600
seconds. For the TPOT framework, we used 0.12.2 version.

For the ChatGPT model, we used the GPT-4 (gpt-4o-
2024-08-06) version. We have some key steps to utilize the
ChatGPT model:

Data preparation: Synthetic missing datasets were cre-
ated by introducing missing data into a complete dataset at
two levels, 10% and 70%, using three mechanisms (MCAR,
MAR, and MNAR).

Methods recommendation: We asked the following
questions in the prompt:

-I have the following imputers: ["KNN", "MEAN", "ICE",
"MLP", "GAIN", "VAE", "no imputation with LightGBM",
"no imputation with XGBoost"], and the following regres-
sors: ["Multi-Layer Perceptron regressor", "Support Vec-
tor Regressor", "AdaBoostRegressor", "XGBoost", "Light-
GBM", "RidgeRegression"]. Can you suggest the best imputer-
regressor combination for this dataset?

Gradient-boosted regression trees (GBRTs) are frequently
used in tabular regression problems [92]. The most well-
known examples are the XGBoost and LightGBM algo-
rithms.We divided the dataset into a 75% training subset and
a 25% testing subset.We used imputation methods after train
and test splitting to prevent data leakage. All experiments
were performed independently five times using different ran-
dom seeds.
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Algorithm 5:Actual use of the recommendation model:
getting a recommendation for an Imputer+Regressor
pair
Output: Recommended imputer+regressor pair

1 function GetRecommendation (ds, mm):
// To obtain a recommendation,

meta-features need to be extracted
from the data set, which are then
given to the recommendation model

2 mf_ds = ComputeMetafeatures (ds);
3 if mm == ‘MCAR’ then

// Use the trained model for MCAR
(Missing Completely at Random)

4 recommendation =
ApplyModel(trained_model_MCAR, mf_ds);

5 else if mm == ‘MAR’ then
// Use the trained model for MAR

(Missing at Random)
6 recommendation = ApplyModel(trained_model_MAR,

mf_ds);

7 else if mm == ‘MNAR’ then
// Use the trained model for MNAR

(Missing Not at Random)
8 recommendation =

ApplyModel(trained_model_MNAR, mf_ds);

9 return recommendation;

Algorithm 6:Actual use of the recommendation model:
getting global and local explanations
Output: Global and local explanations

1 function GlobalExplanation (model, datasets):
// Aggregate SHAP values over all data

sets
2 SHAPlist = [ ];
3 foreach dataset ds in datasets do
4 SHAPds = average over CalculateSHAPValues

(model, ds) based on leave-one-out approach;
5 append SHAPds to SHAPlist;

6 return average over SHAPlist;

7 function LocalExplanation (model, ds):
// DecisionRules is a mapping of

meta-features to boundaries
8 DecisionRules = [ ];
9 foreach tree t in random forest model do

10 path = decision path of ApplyModel(t,ds);
11 foreach node n in path do
12 mf = meta-feature of node node;
13 update boundaries of DecisionRules[mf] with

boundaries of mf in node node;

14 return DecisionRules

Table 10 Distribution of classes used in the recommendation model
according to MCAR data mechanism. A ranking was performed based
on the performance of the regressionmodels of each data set, whichwas
characterized according to missing levels, and the imputer+regressor
pair with the best rank value was selected

Regressor+Imputer Frequency

LightGBM+No imputation 44

LightGBM+KNN 19

LightGBM+MLP 19

RidgeRegression+KNN 14

LightGBM+ICE 13

RidgeRegression+MLP 6

XGBoost+No imputation 6

RidgeRegression+ICE 5

LightGBM+GAIN 4

LightGBM+VAE 3

XGBoost+VAE 3

AdaBoostRegressor+MLP 3

RidgeRegression+GAIN 2

MLPRegressor+KNN 2

RidgeRegression+VAE 2

SVRegression+MLP 2

XGBoost+ICE 1

AdaBoostRegressor+KNN 1

AdaBoostRegressor+ICE 1

XGBoost+MLP 1

XGBoost+MEAN 1

LightGBM+MEAN 1

MLPRegressor+MEAN 1

XGBoost+KNN 1

SVRegression+ICE 1

Table 11 Distribution of combined classes used in the classification
model

Regressor+Imputer Frequency

LightGBM+No imputation 44

LightGBM+KNN 19

LightGBM+MLP 19

Ridge Regression+KNN 14

LightGBM+ICE 13

Other 47

123



5916 International Journal of Data Science and Analytics (2025) 20:5895–5920

Table 12 Distribution of classes used in the recommendation model
according toMAR data mechanism. A ranking was performed based on
the performance of the regression models of each data set, which was
characterized according to missing levels, and the imputer+regressor
pair with the best rank value was selected

Regressor+Imputer Frequency

LightGBM+No imputation 22

XGBoost+No imputation 21

RidgeRegression+ICE 8

LightGBM+MLP 7

RidgeRegression+MLP 7

LightGBM+MEAN 5

LightGBM+ICE 5

AdaBoostRegressor+ICE 4

LightGBM+KNN 3

RidgeRegression+KNN 2

RidgeRegression+VAE 2

AdaBoostRegressor+MLP 1

AdaBoostRegressor+GAIN 1

SVRegression+ICE 1

AdaBoostRegressor+VAE 1

Table 13 Distribution of combined classes used in the recommendation
model

Regressor+Imputer Frequency

LightGBM+No imputation 22

XGBoost+No imputation 21

RidgeRegression+ICE 8

LightGBM+MLP 7

RidgeRegression+MLP 7

Other 25

C.3 Recommendationmodel

We used the Random Forest classifier model for a recom-
mendation and applied hyperparameter optimization using
Hyperopt-Sklearn library [93], which employs Bayesian
optimization for different missing data mechanisms. The
hyperparameter search was run for 100 evaluations per
meta-database of missing data mechanisms. We used accu-
racy, precision, recall, and F1 score metrics to evaluate this
model. Table 17presents the hyperparameter settings used for
the recommendation models built according to the MCAR,
MAR, and MNAR mechanisms.

Table 14 Distribution of classes used in the recommendation model
according to MNAR data mechanism. A ranking was performed based
on the performance of the regressionmodels of each data set, whichwas
characterized according to missing levels, and the imputer+regressor
pair with the best rank value was selected.

Regressor+Imputer Frequency

LightGBM+No imputation 42

LightGBM+KNN 22

LightGBM+MLP 16

RidgeRegression+MLP 13

RidgeRegression+ICE 9

LightGBM+ICE 8

RidgeRegression+KNN 8

LightGBM+MEAN 4

RidgeRegression+MEAN 3

XGBoost+VAE 3

LightGBM+GAIN4 3

RidgeRegression+VAE 2

RidgeRegression+GAIN 2

AdaBoostRegressor+ICE 2

XGBoost+KNN 2

SVR+ICE 2

LightGBM+VAE 2

XGBoost+No imputation 2

XGBoost+MLP 2

XGBoost+GAIN 2

MLPRegressor+ICE 1

MLPRegressor+MEAN 1

AdaBoostRegressor+MEAN 1

AdaBoostRegressor+VAE 1

AdaBoostRegressor+MLP 1

XGBoost+ICE 1

SVR+GAIN 1

Table 15 Distribution of combined classes used in the classification
model.

Regressor+Imputer Frequency

LightGBM+No imputation 42

LightGBM+KNN 22

LightGBM+MLP 16

Ridge Regression+MLP 13

Ridge Regression+ICE 9

Other 54
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Table 16 Used hyperparameters for regression models

Regression model Hyperparameters

Adaboost Number of estimators:100.

LightGBM Number of leaves:31.

XGBoost Maximum depth: 3,

Learning rate: 0.3.

SVR Default.

MLP Maximum iterations: 1000,

Learning rate: 0.001

Ridge Regression Default.

Table 17 Used hyperparameters for recommendation models

Missing Data Mechanism Hyperparameters

MCAR No of estimators:18, maximum
depth: 18

balanced class weight, minimum
samples leaf: 0.010.

MAR No of estimators:17, maximum
depth: 36

balanced class weight, min
samples leaf: 0.01.

MNAR No of estimators:29, maximum
depth: 11

balanced class weight, minimum
samples leaf: 0.0101

Table 18 Evaluation metrics of recommendations considering cases
where the model’s predictions, with a deviation of less than 5% from
the optimal value, are accepted as correct. The results are shown as the
mean and standard deviation over 30 different random initializations
using the Leave One Out split method. “Mecha.” means “missing data
mechanism”

Mecha. Accuracy Precision Recall F1-score

MCAR 0.70±0.02 0.70±0.02 0.70±0.02 0.69±0.02

MAR 0.80±0.02 0.81±0.02 0.80±0.02 0.80±0.02

MNAR 0.66±0.02 0.66±0.02 0.66±0.02 0.65±0.02
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