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ABSTRACT Mixed Datasets with complex interactions between categorical and numerical attributes are
common in engineering and business applications. For example, production rates in manufacturing systems
are jointly influenced by several categorical and numerical attributes, such as machine and product types
and their numerical attributes. This study aims to improve the prediction performance and transparency of
mixed datasets with complex interactions using machine learning (ML) methods. The proposed method
requires lesser data and computational effort than existing hierarchical or clustering regression methods.
Multiple prediction models can be generated by partitioning a dataset into subsets with different categorical
attribution combinations. One- and two-stage model selection methods are proposed to use the training and
validation datasets in selecting better models among all the prediction models. Numerical results demonstrate
the potential of the model selection approach in a mixed dataset from a semiconductor manufacturer.
In comparison with regression models, more than 30% reduction in root mean square error is observed
using the proposed model selection approach. The cross-validation test results also demonstrated a 10%
improvement in accuracy against the properly tuned XGBoost models. Moreover, the proposed model
selection approach is compatible with other regression or ML prediction methods and can be used to improve
the model’s transparency of any existing methods on mixed datasets.

INDEX TERMS Hierarchical method, hierarchical clustering, prediction methods, regression analysis,

manufacturing, expert systems.

I. INTRODUCTION
Mixed Datasets with complex interactions between categorical
and numerical attributes are common in engineering and
business applications. For example, production rates in manu-
facturing systems are jointly influenced by several categorical
and numerical attributes, such as machine and product types
and their numerical attributes. This study aims to improve
the prediction performance for mixed datasets with complex
interactions using machine learning (ML) methods.
Prediction quality is crucial for operation efficiency of
manufacturing and service industries. For example, pre-
dicting the throughput rate of a specific machine—product
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combination is a critical task for scheduling, capacity
planning, and other operations management activities in
manufacturing industry. The proposed methodology helps
practitioners improve the overall prediction accuracy and
provide transparency of the prediction models. As indicated
in [1], tool cost consists of 70% of the total costs of semicon-
ductor manufacturing. Underestimation or overestimation of
the throughput rate will lead to surplus or shortage of capac-
ity. In capital intensive industries, such as semiconductor
manufacturing, companies annually invest billions in capac-
ity expansion, and the proposed method can significantly
enhance decision quality.

This study is driven by the need to predict the production
rate of new products among multiple machine types in semi-
conductor testing and assembly facilities. Fig. 1 shows the
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FIGURE 1. Production rates of two machine types: (A) without and
(B) with the consideration of the interaction between machine types and
x-attributes.

production rates of different products on two machines,
wherein the x- and y-axes represent the numerical attribute
of the products and the production rates, respectively. The
data in Fig. 1 shows the clear interactions between the
machine type and the x-value, which suggests that the red data
from Machine A and the blue data from Machine B behave
differently. In this example, building a single prediction
model for both machines without considering the interactions
between the machine types and x-attributes becomes unsatis-
factory (Fig. 1 [A]). Thus, hierarchical prediction methods are
necessary in such environments (Fig. 1[B]).

Given that capacity expansions are often applied over time
gradually, different machine types can be procured at various
capacity expansion stages. Thus, machines types can be a
common categorical attribute in manufacturing systems.

Moreover, many products can be produced simultaneously
in low volumes when product life cycles detract and
additional product customizations are adopted. In such
low-volume and high-mix (LVHM) manufacturing systems,
product types and the other categorical product attributes
must also be considered.

While multiple machine types and LVHM products are
simultaneously present in a manufacturing system, produc-
tion rates or yield qualities may be jointly influenced by the
complex interactions between the categorical and numerical
attributes of the machines and products. Thus, modelling the
complex interactions among attributes is crucial for improv-
ing decisions regarding scheduling or dispatching. However,
in LVHM environments with short product life cycle and
multiple machine types, new products and product—-machine
combinations that lack historical production rate or qual-

ity data are common and cause difficulties in production
planning.

To overcome the aforementioned challenges in LVHM
production systems, the main contributions of this study are
summarized as follows. Fig. 2 shows the general framework
for using partial combination models to improve prediction
quality and transparency.

— This research is among the first studies to adopt the

model selection approach for prediction.

— The proposed method improves prediction quality.
In comparison with the popular XGBoost models or other
commercial packages, the overall root mean square
error (RMSE) can be reduced by more than 10%.

— The proposed method improves the model’s transparency.

— The proposed method requires lesser data and
computational effort than hierarchical regression.

— The proposed method is robust in noisy environments,
especially when outliers exist.

The remainder of the work is arranged as follows.
Section II reviews related works. Sections III and IV for-
mally defines the proposed prediction models. Section V
presents the model selection methods. Section VI uses the
empirical dataset from a semiconductor manufacturer to
validate the overall performance of the proposed method.
Section VII summarizes the findings and provides insights
into the general mixed dataset prediction problems.

II. LITERATURE REVIEW

In literature, machine learning methods are commonly used to
predict a numerical response variable in mixed datasets. In the
semiconductor manufacturing domain, [2] compared four
machine learning methods that can handle mixed datasets
to estimate factory cycle time, and found that decision
tree regression method has the best prediction performance.
Reference [3] developed a tree-based piecewise linear
regression model to estimate the flow-time of a manufac-
turing system. Reference [4] used different machine learn-
ing approaches to improve the lead time prediction for
a mixed dataset from a manufacturing execution system.
Tree-based ensemble methods have the lowest root mean
square error (RMSE) and mean absolute error (MAE).
References [5] and [6] used XGBoost tree-based classifier
for the mixed datasets from the Kaggle competition, “Bosch
Production Line Performance”. Reference [7] used XGBoost
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FIGURE 2. The general framework for using partial combination models.
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method to improve prediction accuracy in intrusion detection
for mixed datasets. Among the relevant research, XGBoost
and decision tree regression are commonly recognized as the
best performing prediction methods for mixed datasets. Thus,
these two methods are used as benchmarks for our numerical
study to show the superiority of the proposed algorithm.
Further literature review includes four machine learning
approaches and concepts, namely, hierarchical regres-
sion/clustering methods, feature selection, ensemble meth-
ods, and model transparency. These approaches are widely
used and discussed for prediction problems in mixed datasets.

A. HIERARCHICAL REGRESSION/CLUSTERING METHODS
Performing data clustering followed by the application of
regression methods on each cluster are often suggested
when conducting regression analysis on a dataset with com-
plex interaction among variables. In polynomial regression,
the dependent variable y is modeled as an n-th degree poly-
nomial of independent variable x [13]. Segmented regres-
sion is a classical statistical analysis method that uses this
philosophy [8]. The method constructs piecewise linear
(or nonlinear) functions for the different portions of a dataset.
Despite the restriction in cluster shape, other clustering meth-
ods, including agglomerative, density based spatial clustering
of applications with noise (DBSCAN), Gaussian mixtures,
and k-means clustering, are designed for purely numeri-
cal datasets because the use of binary categorical variables
(e.g., 1 and 0) can distort distance computation even if the
data is normalized. Gaussian mixtures, which assume that the
dataset forms a mixture of a finite number of small distributed
Gaussian datasets, may not be scalable to large datasets.
Agglomerative clustering, which belongs in the family of
hierarchical clustering methods, builds clusters by pairing
up clusters according to similarity. Agglomerative clustering
uses a bottom—up approach that begins from individual data
points to a certain threshold [14]. DBSCAN is a density based
algorithm used for discovering clusters. This algorithm can
capture uneven-shaped clusters, but its computation perfor-
mance deteriorates with the dimensionality of the feature
space [15].

Clustering methods require large computational effort for
Mixed Datasets that contain numerous features. In addition,
categorical variables severely affect the determination of
the similarity among data points even after pre-processing
(e.g., scaling and normalization). Moreover, when using clus-
tering for regression, considering the regression performance
(e.g., R?, mean square error) instead of only the common
clustering performance evaluation metrics (e.g., similarity
measures) remains a major challenge.

Clustering methods are useful on datasets with mixed
categorical and numerical variables. Reference [9] adopted
the clustering concept into the clustered linear regression,
which improved the performance of the classical linear
regression by determining the partitions that enhanced the
accuracy of local linear regressions. Similarly, multilevel or
hierarchical regression allows different regression parameters
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for each portion/cluster of the dataset by inputting the
relationships among different variables (i.e., hierarchies)
[10]. Hierarchical linear regression is another widely used
method for mixed data sets. By adding or deleting variables,
hierarchical linear regression finds independent variables that
have significant influence on the response variable [16].
Hierarchical linear modeling (HLM) is a useful regres-
sion method for mixed dataset with hierarchical relationship
among predictive variables [17]. However, complex mathe-
matical calculations and statistical techniques are required
in establishing HLM models. In such models, the num-
ber of model parameters exponentially increases with the
number of levels or attributes; thus, HLM has an unsat-
isfactory performance in datasets with large number of
attributes/levels.

Although the early clustering methods fail to perform
well in modern applications with large number of features,
the clustering concept is widely adopted in contemporary ML
and hierarchical regression models, especially in the unsuper-
vised learning paradigm. In predicting a numerical response
variable, a method that guides clustering through regression
functions can still be beneficial. Spath’s regression exchange
algorithm improves the regression performance of clusters by
exchanging data points between clusters [18]. [11] provided
the term regression clustering for the family of cluster-wise
regression methods by adopting the regression exchange
algorithm. In regression clustering, the dataset is partitioned
into clusters using a center-based clustering algorithm (e.g.,
k-means clustering) through the help of regression optimiza-
tion algorithms. In these methods, clustering is applied iter-
atively, and the objective function and stopping criterion
are based on regression performance. Reference [12] devel-
oped algorithms for generalized cluster-wise linear regression
problems. TABLE 1 summarizes different hierarchical and
clustering methods and their corresponding limitations.

B. FEATURE SELECTION

A common limitation of hierarchical or clustering methods
is the exponential growth of model parameters along with
categorical attributes. To overcome this limitation, feature
selection is used in traditional statistical analyses for dimen-
sion reduction. Feature selection selects available features
by eliminating irrelevant ones. Some works have proposed
methods for dimension reduction when dealing with large
data [19], [20]. A new feature selection method for crisp and
low-quality data was proposed in [21].

Although feature selection methods are commonly used,
they are not beneficial when all features or attributes are
relevant. For instance, in Fig. 1, categorical and numerical
attributes are relevant, and feature selection methods will not
reduce the dimension of the regression problem. Moreover,
in some large prediction problems, the dimension of the
regression problem remains excessively high for efficient
computation. Many studies used ML methods to improve the
prediction performance for overcoming the aforementioned
disadvantages of traditional statistical methods.
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TABLE 1. Hierarchical and clustering-based regression methods.

Method

Description

Limitation

Segmented regression [8]

Fits piecewise linear (or non-linear) functions

Limited proximity and low dimensions

Clustered linear regression [9]

Performs linear regression on clusters

Clustering and regression are performed and
evaluated separately. Limited proximity and low
dimensions

Hierarchical methods [10]

Nested/multilevel regression model based on the
relationships of variables

High computational complexity unless
supervised by analyst

Regression clustering [11]

Performs clustering and regression iteratively

Only applicable to purely numerical datasets

Cluster-wise linear regression [12]

Performs clustering based on the overall sum of the

High computational complexity.

squared errors

Fails to consider complex interaction among
attributes

C. ENSEMBLE METHODS

For manufacturing applications, many researchers have
constructed prediction models using ensemble meth-
ods [22]-[24]. Decision tree regression is an ensemble
method using tree structures to handle numerical and categor-
ical data. Decision tree regression needs complex calculation
and more time to train models than other ML methods
[13]. References [25] and [26] apply ensemble methods to
analyze semiconductor process data. Some works utilized
ensemble approaches for intrusion detection [27]. Compared
with traditional statistical methods, ensemble methods can
transform the complex and non-linear characteristics of data
effectively and train models to improve the efficiency of
classification and prediction. Gradient boosting is a prac-
tical and popular ensemble method. As an open-source
implementation of gradient boosting methods, XGBoost
became prominent in ML competitions and data mining
challenges (e.g., ML competitions held by Kaggle). For
example, in the KDDCup 2015 and ICDN challenge 2015,
XGBoost demonstrated a remarkable performance over a
wide range of data classification problems. Reference [28]
detailed XGBoost, which was a scalable tree boosting sys-
tem that was favored by many ML competition winning
teams because of its high performance and computational
speed. This system performed model adaptation with high
flexibility and produced state-of-the-art model results. Many
studies applied extreme gradient boosting methods to dif-
ferent ML regions. The system yielded a comparatively
better performance than the original one by constructing an
XGBoost-based prediction model for short-term load predic-
tion [29]. Reference [30] developed an XGBoost framework
for biomedical fields to predict essential proteins. In addition,
[31] used the XGBoost algorithm to classify patients with
focal epilepsy. However, ensemble methods, such as the
XGBoost framework, still suffer from model transparency
issues. To overcome such issues, this study improves pre-
diction quality based on the satisfactory performance of
modern ML packages. The proposed method initially con-
structs a large number of models under different combina-
tions of categorical attributes and then develops a model
selection method that will select among the prediction models
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to improve the overall prediction quality and the model’s
transparency.

D. MODEL TRANSPARENCY

The increasingly complex prediction models and machine
learning methods have led to the concerns of model trans-
parency. The correlation and logic between models are estab-
lished by proposing interpretable classifiers on the bases of
statistical probability [32]. Reference [33] develops inter-
pretable decision sets and uses independent if-then rules
to build interpretable models. A novel tree model split-
ting criterion is proposed to enhance model interpretability
[34]. Other model transparency related research is summa-
rized in the survey of [35]. However, despite the increas-
ing attention on model transparency, the hidden correlation
between attributes cannot be sufficiently explained through
existing ML methods, and most machine learning methods
still focus on model accuracy improvement. In this research,
the use of the partial combination data set improves model
transparency through providing insights into the hidden
correlation between categorical attributes.

Although numerous research studies mixed datasets for
prediction, entire datasets are used to build a single
prediction model that may not consider the complex inter-
actions between categorical variables. In addition, model
transparency is commonly neglected. Thus, our proposed
method splits datasets for building models and selects the
best prediction models to improve the prediction accuracy
and model transparency.

lIl. PROBLEM DESCRIPTION AND DATA PREPROCESSING
We assume a mixed data set (I') consisting of k categor-
ical explanatory variables (X;,i = 1...k), m numerical
explanatory variables (X;,! = k+1...k + m), and one
numerical response variable (Y). Each categorical variable
(X;,i = 1...k) has (N;,i = 1...k) distinct values. Let
Q;={1,2,3...... N;},i=1...k denote the sample space
for the values of the ith categorical attribute; x; € €; is a
specific value for the i categorical explanatory variables
(X;,i=1...k). The complex interaction effects occur when
the categorical and/or numerical variables interact with each
other.
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TABLE 2. Mixed dataset (I') considered in this research.

MIXED DATASET(I")
Explanatory variable ResPonse
variable
Type Categorical Numerical Numerical
Variables X, X, X Xys1 Xy+m Y
Value of the variable | x; € (2; X, € (), Xy € (2 Xit 1 Xk 2s woe oer , Xkg+m € R yER
Observation 1 xi x3 x,% XEiq x,% +m y!
Observation 2 x2 x2 x? xXE XEim y?
Observation P xf xb xf Xpi1 Xpm yP
In summary, in TABLE 2, we assume that a dataset -rYy Fundamental combination validation

(T") contains p independent observations, each with k cat-
egorical features, m numerical features, and a numeri-
cal outcome. Let (xf,xg,xg,...,xf,x,f+l,..., o W) 5
p = 1...P be the p-th observation of I', then I" can be
defined as a [P] x [k + m + 1] matrix (e.g., (x2,y2) =
(xlz, x%, x32, . ,x,%, x,fH, o ,x,3+m, y2) which is the second
observation in the dataset).

In the Mixed Dataset I', subsets are defined according to
the categorical attribute values of each observation, beginning
from the fundamental dataset, which contains only the obser-
vations with identical categorical attributes. Then, partial and
full combination datasets are defined through the union of
fundamental datasets.

A. FUNDAMENTAL COMBINATION (x1,X25 « .. .. xr) OF
CATEGORICAL ATTRIBUTES AND DATASETS

1) FUNDAMENTAL COMBINATION (x7,x5, ...... xk)

Let (x1,xp,...... xx) be a specific combination of the
categorical attributes, where (x1, x2,...... Xy ) is the funda-
mental combination of the categorical attributes or simply the
fundamental combination. Given that the categorical attribute
X; has N; possible values, ]_[i.‘:l N; fundamental combinations
can be obtained at most.

2) FUNDAMENTAL COMBINATION DATASET Uy xp..xp

Let I'y, x,,..x, C I be a set that contains all observations
that satisfy (X1, Xz,...... Xi) = (x1, X0, ...... Xy)
(i.e., the categorical attributes are identical to the funda-
mental combination ). Different fundamental combination
datasets are mutually exclusive. The union of all fundamental
combination datasets is the entire dataset I'.

3) THREE MUTUALLY EXCLUSIVE SUBSETS I'[" .,
Y .0 ANDTE . OF THE FUNDAMENTAL

COMBINATION DATASETS TI'y, x,....x,» WHERE

~ _rir al4 ~Ts
lx'[-xz-mxk - IX1,X2...4XI( Ul,\‘].xZ..“.X‘k lel.xZ,”,Xk
- Fler x...x, - Fundamental combination training dataset,

which contains 70% randomly selected data from
| FxTr,xZ,...xk is used for the model training.
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X1,X2,...Xk
datlaszet, evhich contains 15% randomly selected data
from Ty s Ty 1S used for model valida-
tion and selection, which will be discussed in the next
section.

- F;ls’ v..x - Fundamental combination testing dataset,
which contains 15% randomly selected data from
Iy, x,..x- The testing dataset is used to measure the
performance of the proposed method.

The functions of these subsets will be explained in the
model’s training and selection sections.

B. PARTIAL COMBINATION OF CATEGORICAL ATTRIBUTES
AND PARTIAL COMBINATION DATASETS

Let 7 be asubsetof {1,2,...k},I #@and I #{1,2,...k}.

1) PARTIAL COMBINATION (x;.j ¢ /)

Let (x;,j ¢ I) be a partial combination of the categori-
cal attributes, in which X; can be an arbitrary value in ;
when j € I, otherwise, X; should be a specific value x; in
Q;. (xj,j ¢ I) assigns specific values only to a part of the cat-
egorical attributes, hence, (x;,j ¢ I) is a partial combination
of the categorical attributes or simply partial combination.

2) PARTIAL COMBINATION DATASET I'(,. 1)

Let D jeny = U[x,-eSZi,iel] [y, x...x, De the union of all
fundamental combination datasets that satisfies the partial
combination ( i.e., Iy j¢r) is a set that contains all data that
satisfy the partial combination of the categorical attributes
and (XJ =x.j¢1 )). Note that different partial combina-
tion datasets might not be mutually exclusive and might be
identical.

Tr v
3) THREE MUTUALLY EXCLUSIVE SUBSETS F(x/J 41y F(xlwf 4y
AND TS

Gl OF THE PARTIAL COMBINATION DATASETS
i,
) T v T
P jeny WHERE U ey = Ui jany U TG jey Y Ty e
T T . : ‘nati
- F(xr/«,j¢1) = Upiearier Uxyoxa..., : Partial combination
training dataset
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174 1% . . . .
- Tlien = Ureqy.ien Txy vy, - Partial combination
validation dataset
T . . . .
T(XJ”H) U[x,eSZ,-,ieI] Fxf’ng_“)ck : Partial combination
testlng dataset
L& jgny D jgry ad TS o still contain 70%, 15%, and

15% of the data in the entire partial combination dataset
I'(x.j¢1)» respectively; and all training, validation, and testing
data in the fundamental datasets assume the respective similar
functions in the partial combination datasets. None of the
testing data will be used for the training of any models in the
next section.

C. FULL COMBINATION OF CATEGORICAL ATTRIBUTES
AND THEIR CORRESPONDING DATASETS

Following the definition of the partial combination, when
[ ={1,2, ...k}, all categorical attributes (X;) can be arbitrary
values in ;.

1) FULL COMBINATION (21, Q5. ... %)
Let (21, €22, .. .Q2) be the full combination of the categorical
attributes, where such attributes can all be arbitrary.

2) FULL COMBINATION DATASET

Foy.0,..9 = U[x,eszi,iel] Uy g,

Let o, 0.0 = U[x,-esz,-,iel] Iy, xo...x, be the union of all
fundamental combination datasets. Thus, I'g, ,...o, is also
the entire dataset, and I'q, o, .o, =T .

3) THREE MUTUALLY EXCLUSIVE SUBSETS I*ST{]_

v T:
'Y, 0. 00 ANDTE o o OFTHE FULL

COMBINATION DATASET I'g, g, . a2
_ 71Ir

Let Tay0,.0 = TG 0, o,Uilg, 0, o,Uilg, o, g,
where ', ,,..q, represents the entire dataset T because
I'q, 9,,..@, includes the observations of arbitrary categor-
. . . . . T T

ical variable values. For simplicity, I''" = FQ’] e
I“V.z Fsg],sz e apq r’s = FZ?, Q.0 Are respectively
defined as the full training, validation, and testing datasets.

Qy,... Q"

T __ Tr Tr .
- T = Fle ... % U[x,-eQ,-,ieI Fx1 o, - Full
combination training dataset
Vv _ 1V _ v .
- T = Fsz. Q..U U[xiefz,-,iel] Fxl,xz,...xk : Full
combination validation dataset
Ts _ Ts Ts
- I - . Q.l,Qz,..‘Q'k U[X;EQ,',iel] Fxl,xz,..‘xk
Full combination testing dataset
Tr \%4 Ts
FQ D FQ ReNoTE and 1"91 QU contain 70%,

15%, and 15% of the data in the entire dataset o ...
respectively; and all training, validation, and testing data
in the fundamental datasets maintain the same functions in
I'e, 9,...9,.- None of the testing data will be used for the
training of any models in the next section.

IV. FUNDAMENTAL, PARTIAL, AND FULL COMBINATION
PREDICTION MODELS USING THE CORRESPONDING
DATASETS

A distinct prediction model will be trained for every distinct
fundamental, partial, and full combination training dataset

VOLUME 8, 2020

Tr Tr Tr
rx1,x2, Xg? (xj,jel)’and rSZ;l,SZg,...
be conducted using any statistical or ML methods. In the
numerical study of this research, one-hot encoding is applied
to the categorical attributes and XGBoost is used for the

model training in the numerical analysis.

% Model training can

A. FUNDAMENTAL COMBINATION PREDICTION

MODEL (M1 x,...x;)

Let My, x,,.x, be the prediction model trained by the
fundamental training dataset Fxl v My xy, is the
fundamental combination predlctlon model or simply
the fundamental model.

B. PARTIAL COMBINATION PREDICTION

MODEL (M (. )

Let My j¢r) be the prediction model trained by the partial
combination training dataset rrr jgl)’ when I # ¢ and
I #{1,2...k}; My jgr) is the partlal combination prediction
model or the partial model.

C. FULL COMBINATION PREDICTION
MODEL (Mg, q,... )
Let Mg, ,....o, be the prediction model trained by the full
combination training dataset FST{I RSNRIE Mg, ... o is the
full combination prediction model or the full model.

Note that none of the validation and testing data is used for
the model training in all fundamental, partial, and full predic-
: T T
tion models because FQ’1 Q.0 and F(x’ Jjer) are generated

from the union of the fundamental training dataset Fxl -
all the fundamental datasets are mutually exclusive. This
condition ensures the quality of the validation and testing
processes, which will be introduced in the subsequent section.

V. MODEL TRAINING PROCESS

For the training process adopted in the proposed algorithm,
Table 3 summarizes attributes used for training differ-
ent models. Each fundamental dataset (I, ,, ) has
the same specific values for all categorical attributes
X1, X2, ...,Xk) = (x1,x2,...,x¢). Thus, given that the
same values of categorical attributes do not offer any useful
information for predicting the response, only the numerical
attributes are used to train fundamental models My, x,... x,-
Then, combining different fundamental datasets with simi-
lar prediction models allows more observations to be used
for better estimation of model parameters of the common
prediction model and improve its accuracy. For the partial
combination model, we calculate the union of corresponding
fundamental datasets to obtain each partial dataset Uy jen =
U[x;eQ,-,iel] Lyl # @ and 1 # {1,2, ...k}, in which
all of the data in U it |10 and 1£(1.2...k}) have the same spe-
cific values for categorical attributes i¢/.(i.e., X; = xj, i ¢ 1.)
Again, given that the same values of categorical attributes do
not offer any useful information for predicting the response,
only categorical attributes X;, i € I with different values are
used to train the corresponding partial combination model
M (s j¢1110 and 1£(1.2..k})- 1N addition, given that the full
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TABLE 3. Attributes used for training different models.

Full models + Partial models - Fundamental models .
Model -
Mﬂl,ﬂz,...,ﬂk ¢ M(xf.jem:@ and I#{1,2..k}) * X1,X%7,.XE ©
Categorical attributes - All . X, i€l None -
Numerical attributes - All.

dataset (I'g, @,,.0; = U[x,-esz,»,iel] [y, .x,,..x;) Tepresents the
union of all fundamental datasets and includes all combi-
nations of categorical variables, all categorical and numer-
ical attributes are used to train the full combination model
Mo, ...

Using the corresponding datasets with all numerical
attributes and the above chosen categorical attributes,
we train all fundamental models (My, »,. .. x, ), partial models
(M, je111£0 and 1£01,2...11)) and full models (Mg, 0, ..,)
using XGBoost. Grid search in [36] is used for finding
the best values of hyper-parameters (general, booster, and
learning task parameters) in the training. In summary, all
features are still used in the full combination model and in
several partial combination models. Thus, none of the fea-
tures are completely removed throughout the model selection
approach unlike most feature selection methods.

More precisely, the model selection finds similarities
between different fundamental datasets and then selects the
best prediction model for each fundamental combination.
Consider the semiconductor dataset [37] used in our numer-
ical study, all the attributes are important to predict the
response variable and none can be completely removed from
the prediction models. However, several categorical variable
combinations may have similar regression models and pool-
ing those fundamental datasets enhances the estimation of
the prediction model parameters. Without using the proposed
model selection prediction approach, pooling together fun-
damental or partial combination datasets without similarities
hampers the model parameter estimations, leading to negative
impacts on the overall prediction accuracy.

Each fundamental dataset is included in exactly 2% pre-
diction models, including one fundamental prediction model,
2K-2 partial combination prediction models, and one full
combination model. Given that each categorical attribute
can either be specific or arbitrary in the partial datasets, 2¢
datasets are associated with each fundamental combination.
Excluding the fundamental and full datasets, 2%-2 partial
prediction models are available. Moreover, a single full pre-
diction model is shared by all fundamental combinations.

For  every prediction model Me {My x,  x.,
M (s, je1110 and 1£1.2..k))» M2 ... associated with a
fundamental combination (x1, x>, ...xx), the prediction
value 5/;,1 can be generated for the p-th observation

p p D p P p .
()c1 s X9 X3 X Xy g X y”) € Iy xp,..x uSINg
the prediction model M.

The training, validation, and testing RMSEIIL”* Lk €

XX, Xk

{Tr,V, Ts of fundamental datasets FST{l,Qz,...Qk’ Lo 2

132112

FSTZS o, g, under model M can then be defined as
1,9862,...84k

2
M Zperf XX (yP - yﬁ/l)
_ o
RMSET = — ,
X[ number of observations inl'}, .

x € {Tr,V,Tsy and M€ {My, x,,. x,
M(xj,jgulqéw and 1#{1,2..k})» Mg, ...
is the RMSE of model M for the

X15X0 X
: T:
fundamental testing dataset I', ', .

In practice, the numbers of distinct partial combination
datasets and prediction models are less than 25 — 2 because
many fundamental combinations are infeasible due to the
incompatibility among categorical values (e.g., mismatch of
the machine type and the materials/products). Infeasible fun-
damental combinations lead to empty fundamental combi-
nation datasets. When an empty dataset is in union with
another fundamental/partial dataset, the new dataset remains
unchanged, and the new models for the new dataset do not
need to be trained. Thus, the number of distinct datasets and
prediction models are less than what is theoretically allowed.

When multiple models are associated with each fundamental
combination, different prediction models might exhibit
various performance. For example, in the semiconductor
manufacturing dataset used for the numerical analysis in
this research, different fundamental/partial/full combination
models are used to predict the production rates of a product.

where RMSEY,,

The training and validation RMSEs (RMSEZIL’IT, and
XX, Xk
RMSEII‘,”V ) of the 13 distinct prediction models asso-

ciated v%’txl%“;kspecific fundamental combination are plotted
in Fig. 3, where the models are arranged according to the
number of observations in the dataset used for model training
from left to right (i.e., the full dataset contains all training
data and is listed on the left, whereas the fundamental dataset
is the smallest training dataset and the fundamental model is
listed on the right).

In Fig. 3, one of the partial combination models possesses
the lowest validation RMSE (RMSEZI‘:IV ), which indi-

L. XX, Xk B .
cates better prediction performance than those with higher
validation RMSEs. Moreover, in the semiconductor dataset,
the rightmost fundamental model demonstrates overfitting,

MX 3 XD 50X, . .
and low training RMSE (RMSE ;,">""*) and high vali-
X1,X0 50 X

M\’ XY, X ..
dation RMSE (RMSEF;," 2k are observed. In addition,

X15XD 50Xk

the full combination model Mg, o, .. o, does not perform
satisfactorily because of the different interactions between the
categorical and numerical attributes in the different datasets.
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RMSE OF ASSOCIATED PREDICTION
MODEL M FOR A FUNDAMENTAL COMBINATION (2,3,3,1,17)

Partial = Partial

Partial = Partial Partial Partial Partial Funda

Model  Model Model Model Model Model Model Model Model Model Model mental

8
7
6
5
4
R
S 2
o 1
0
Partial = Partial Partial Partial
Full
Model

2 3 4

6 7 8 9 10 11 Model

—@—RMSE_Tr 4.4098 1.4882 0.0329 0.4008 0.5081 1.2841 0.4082 0.0088 0.0255 0.0036 0.9058 0.0031 0.0061
—O—RMSE_V 5.6878 4.9485 1.5134 2.713 29974 6.6467 6.8079 2.3553 1.0425 6.8525 6.6711 0.3611 7.0937

—@—RMSE_Tr —@—RMSE_V

FIGURE 3. RMSEM,
rxl,xz,...xk

Categorical attributes might have complex interaction with
one another, as well as with other numerical attributes
(Fig. 1 and Fig. 3); thus, a fundamental, partial, or full model
can be appropriate or inappropriate for a specific fundamental
combination of categorical attribute values. When some of
the categorical attribute levels show similar influence on the
response variable, combining datasets with such categorical
attribute levels might create a large dataset that effectively
estimates the model parameters. However, when the influence
of the categorical attribute on the response variable vary, pool-
ing the datasets together might mislead the model training
processes and hamper the overall performance. In conclusion,
estimating the response variable using the existing methods
is difficult when complex interaction is possible in a mixed
dataset.

VI. SELECTION OF THE PREDICTION MODELS

This section proposes a method that utilizes the training and
validation datasets in selecting the appropriate prediction
methods to overcome the weakness of the existing methods
in mixed datasets with complex interaction. For each funda-
mental combination, the model selection method can select
the appropriate prediction models among all models.

A. MODEL SELECTION INDEXES
First, we define the model selection indexes. For every
record in the training and validation data in the fun-
damental training and validation datasets (1";’ 1., and
XI,XZWJCI(’ respectively), each prediction model associated
with the fundamental combination (xi,x,...xx) can be
used to generate the prediction values. However, errors are
present between the predicted and observed values. Using
the prediction error of each dataset in each associated
model, the RMSE and the 90th quantile (90QT) of errors
for each possible pairs of an associated prediction model
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of the different models in the semiconductor manufacturing example.

Me My, xs...on» M3, jen 1140 and 1401 2..4))» M2y.2.....2 and
a dataset Fler,xz,‘..xk or 'y, 4, . x can be determined.

The performance measures of a prediction model to a
dataset are listed in TABLE 4.

— Note 1: The 90 percent quantile (90 QT) of the
prediction error is used for model selection because
RMSE can amplify the influence or an outlier or glitch in
the data collection processes. Thus, when outliers exist,
90 QT could serve as a robust model selection index.

— Note 2: The training dataset F;r,xz,.‘.xk’ which contains
70% of the data, is a relatively stable measure of a
model’s prediction quality. However, using I‘;’ o
might fail to detect the overfitting of a model. Thus,
the validation dataset 1";/1 x...x,» Which contains 15% of
the data, is also used to measure the performance of a
prediction model in a specific fundamental combination

(X1, X2, .. Xk ).

B. ONE-STAGE AND TWO-STAGE MODEL

SELECTION METHODS

The model fitness indexes (TABLE 4) for every distinct
prediction model M associated with a fundamental combi-
nation are calculated and ranked from the best to the worst.
The ranking is then used to define the one-stage and two-stage
model selection methods.

1) ONE-STAGE MODEL SELECTION METHOD (A, B, N)

Let A € {RMSE,90QT be a performance measure,
B € {Fler,xz,.‘.xk’Fﬁ‘c/],xz,...xk} be a dataset, and n be a
positive integer within 1 < n < 2k A one-stage
model selection method identifies the best n models
under performance index A using dataset B. For example,

a one-stage (A, B, n) model selection method (RMSE,

F;r!xzp_.x,c, 3) ranks the top three models using RMSE and
dataset I‘;’ x..x (e, the top three models under
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TABLE 4. Performance measure of a prediction model to a dataset.

Model Fitness Index

Definition

RMSE"Y;,
s

RMSE gyl . The calculated RMSE of a prediction model M to the fundamental validation dataset I, .

90 QT?’T . The calculated 90QT of the absolute prediction error of a prediction model M to the fundamental training dataset
X1.X2,. X} F)Z‘lfxz,.t.xk .

90 QTIr"v The calculated 90QT quantile of the absolute prediction error of a prediction model M to the fundamental
X2 validation dataset TY KX

The Model M € {Mxl,xz,...xkr M(x]-,je1|1¢q) and I#{1,2..k})’ M.(Zl,.(lz,...,.(lk

RMSEMT,
selected usmg the model selection method (A, B, n).

are selected). Ap, is the set of the n models

2) TWO-STAGE MODEL SELECTION METHODS (A, B, N, C, M)

Let A € {RMSE,900T} be a performance measure,
{FXTI’ P F}C/] Y. } be a dataset and n be a positive

1nteger within 1 < n 5 2k Ce {Flerxz e )‘C/l,x2,~~~xk}’
where C # B, and m be another positive integer within
m < n < 2X.A two-stage model selection method can be
defined as follows.

— Step 1: The best n models under performance index A
are identified using dataset B (same as in the one-stage
model selection method), and Ap, is defined as the set
of n models selected from the first stage.

— Step 2: The best m models in set Ag, under performance
index A are selected using dataset C, and Ag,c, 1is
defined as the set of models selected in this second stage.

For example, the two-stage model (RMSE, I'’"

X1,X2,...X
10, 1")‘5/1 x...x J) identifies the top 10 models using
RMSEM , which uses the dataset I'7" , to calculate

l—'Tr X1,X2,.
the RMSE. Tn Step 2, the top 3 models are selected among the
10 selected models using Fx1 x...x, and RMSE.

The equality C = B will degenerate a two-stage method
into an equivalent one-stage method, hence, only the case
C # B is considered in the two-stage methods.

Let the set of selected prediction models from the one-stage
model selection methods be Ap,. The average prediction yﬁBn
generated by Ap, can then be expressed as

5)p _ ZMEABH yﬁ/l
A, T ’

Then, let the set of selected prediction models from the
two-stage model be Ap,c,. The average prediction }ZB c
generated by Ap, c,, can be expressed as

5)1/; ZM EAB,, Cm yﬁl

C. PREDICTION QUALITY INDEXES FOR THE ONE-STAGE
AND TWO-STAGE MODEL SELECTION METHODS

The corresponding testing RMSE, mean absolute percentage
error (MAPE), 90QT, mean absolute error (MAE), mean arc-
tangent absolute percentage error (MAAPE), and R-squared

Bncm
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(R?) of the model selection method # are determined, where
# €{Ap,,AB,c, } is the selected selection method. For a
fundamental combination (x1, x7, . . . xz),the abovementioned
performance indexes are defined as follows.

1)
~p2
Zpel"tl Xy g (y[) _yp)
RMSE?" I°Ts = R
X] 02 00X number of observations in I" .
2)
3 Y=
PErT iy | 0P
MAPE? - = e
fxp- number of observations in 'tV
x 100%
3)
9OQTFTY = the 90% quantile of prediction errors
R EE IR
Y — Vil
4)
Zpel“x T |yp _S’ft|
MAE? = 17Tk
s Ts
X[ X number of observations in I';*
15X2,--- Xk
5)
5P
2 perts 1y, OTCtaN =
"l 25
MAAPE?,, =
T ey number of observations in FZS .
1,X2,5.- Xk
6)
~p2
Zpel“n o (y[? - )’i)
RFTS =1- =2
X1, P —
142 ZP€F~"TIS~X2~--Xk (y Y)

Then, the overall testing RMSE, MAPE, 90QT, MAE, and
MAAPE are determined.
7)

or — )

Xk

Z Zpel"

(X1,X2,5evvenn Xi)

number of observations in ['7$

RMSE";, =
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FIGURE 4. The throughput rate distribution within different fundamental datasets.
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VII. NUMERICAL STUDY AND ANALYSIS

In this section, two datasets, Semiconductor Backend
Production Rate [37] and Diamonds [38], are used to evaluate
the proposed model selection prediction method.

A. SEMICONDUCTOR BACKEND PRODUCTION

RATE DATASET

Semiconductor Backend Production Rate dataset [37] was
collected between Oct. 2018 and Mar. 2019 from a
world-leading semiconductor assembly and testing factory
in Taiwan. This dataset includes five categorical attributes
(X;,i = 1...5), 11 numerical attributes (X;,/ =6...16),
and one response variable. The five categorical attributes
represent the machine, product, material, package, and recipe
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types that are key factors affecting the production rates as
recorded by the Manufacturing Execution System (MES)
during the production. The 11 numerical attributes repre-
sent the geometric and physical characteristics of a semi-
conductor chip, such as the grinding thickness, number of
wires, wire width and length, number of dies in a substrate,
lead count, 2D die size, and the 3D package size. The
response variable refers to the throughput rate of a specific
machine—product combination during production. The five
categorical variables X1, X», X3, X4, X5 have 2, 3, 4, 7 and
22 categorical attribute values, respectively (i.e., 21 = {1, 2},
Q = {1,2,3}, Q3 = {1,2,3,4}, @ = {1,2,...,7},
and Q5 = {l1,2,...,22}). In addition, the dataset con-
tains 13,186 observations. Fig. 4 shows the throughput rate
distribution within different fundamental datasets. Given
the difference between fundamental datasets, estimating the
throughput rate values by using existing prediction methods
is difficult.

To the best of our knowledge, our research is among the
first studies to adopt the model selection approach for pre-
diction. The mixed dataset used might be helpful for other
researchers who are interested in studying prediction prob-
lems with complex interaction among categorical attributes.
Therefore, the dataset is provided as an electronic comple-
mentation of this paper to facilitate future research in this
field.

The XGBoost package on R is used for the training
of all fundamental/partial/full models. The following
hyper-parameters are used for the training of all par-
tial combination XGBoost models: general parameters
{booster: gbtree}; booster parameters {eta: 0.03, gamma:
0, max_depth: 6, subsample: 0.85, colsample_bytree:
0.85}; and learning task parameters{objective:reg:linear,
eval_metric:rmse}.

The proposed method using XGBoost package can inter-
nally handle missing values of numerical attributes. For
categorical attribute with missing values, one-hot encoding
allows the missing values to be treated as an additional level
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TABLE 5. Testing performance in semiconductor dataset.

(A) Testing performance of different model selection methods}-

One-stage model selection methods (A, B, n)

Two-stages model selection methods (A, B, n, C, m)

A RMSE RMSE RMSE RMSE 90QT 90QT 90QT 90QT RMSE RMSE RMSE RMSE 90QT 90QT 90QT 90QT
model B Tr Tr v v Tr Tr v v Tr Tr v v Tr Tr v v
o a 1 3 1 3 1 3 1 3 0 10 10 10 10 10 0 10
c - = = - - - - - v v Tr Tr v v Tr Tr
M = - — - == - - - 1 3 1 3 1 3 1 3
RM_S‘E;‘,\ 74.11 68.57 70.03 71.39 74.01 68.77 72.78 66.66 72.30 70.51 75.35 71.81 72.16 67.10 75.64 68.07
MAPE;‘_‘T\ 21.17 19.63 20.99 2113 21.15 19.64 19.12 17.70 21.47 20.06 19.65 19.50 20.81 19,71 19.18 19.07
:-]iltl::: ';’()Q'I‘r”-,K 30.46 30.05 29.85 29.40 30.40 29.87 2942 29.24 29.54 29.62 30.63 29.59 30.65 29.99 30.20 29.66
indexes MAE:, 2569 2487 2456 2444 2567 2492 2511 2400 2503 2438 2573 2477 2473 2401 2567 2456
MAAPE?,\. 4.02 3197 3.95 3192 4.00 3.98 3.96 3.86 3.95 3.82 3.96 3.88 3.82 3.81 4.01 3.95
.Rzﬁ]'s 09796 09825 09818 09811 0.9797 0.9824 0.9803 0.9835 009806 09815 09789 09809 0.9807 0.9833 0.9788 0.9828
(B) Testing performance against prediction methods from the literature -
Full Fundamental Full Fundamental | Best One-Stage | Best Two-Stages Polynomial . .
Combination | Combination | Combination [ Combination (90QT. (90QT. [Ty, . x,. | Decision tree Regression Hler?rcln-cal
Regression Regression XGBoost XGBoost r/‘yl-)-'z-wv‘}‘ 3) 10, 1",."1 Ka.xzs 3) | Tegression [13] [13] 1‘6:21':::11[16]
Model Model Model Model Method Method (n=2) b
RMSE;‘T.E 2127 168.81 74.71 73.65 66.66 67.10 118.14 156.28 203.88
MAPE/, 58.94 18.91 21.96 19.98 17.70 19.71 2521 51.15 72.91
QUQT]"ﬁ 204.34 64.08 30.35 30.20 29.24 2099 28.64 101.85 118.17
MAET(T» 120.68 43.19 25.60 25.54 24.00 24.01 32.49 73.7 146.54
MAAPE ", 25.80 10.38 4.31 411 3.86 3.81 6.71 19.1 28.94
R 0.8321 0.8942 0.9793 0.9799 0.9835 0.9833 0.9367 0.9303 0.8082

of the attribute. To ensure that reliable results are reported for
different methods, cross-validation is performed by randomly
selecting training, validation, and testing datasets five times
on the semiconductor assembly and testing data.

Let A € {RMSE,90QT, Be{rl" —_.IV . .}
and n € {1,3} in the one-stage methods, and A €
{RMSE,90QT, B ¢ {rfr  _.TV . .} n = 10,
C # Be{rl,  ..TY ,xz,_uxﬁ, and m € {1,3} in
the two-stage model selection methods. Eight one-stage
and eight two-stage methods can be generated. The testing
results of these 16 model selection methods are reported in
TABLE 5(A). The best performing one-stage model selection
method is (90QT, I‘Xl ... 3)» whereas the best performing
two-stage model selection methods is (90QT, F;/l’ x> 10
Fler x...x 3)- Both model selection methods selected three
prediction models using the 90QT as the performance index.
The findings revealed that this index is less sensitive to out-
liers than RMSE, and thus can serve as a robust index for
model selection.

The best performing one- and two-stage model selection
methods are compared with properly tuned full and funda-
mental combination XGBoost models (TABLE 5 (B)) to ver-
ify the superiority of the proposed model selection prediction
method for mixed datasets. The hyper-parameters of the full
and fundamental combination XGBoost models are tuned
via grid search to ensure that fair comparison is achieved.
We also compared other regression methods for mixed data
sets, such as decision tree regression, polynomial regression,
and hierarchical linear regression.
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The results showed that the one-stage and two-stage model
selection methods can effectively reduce prediction error,
while all other models fail to perform satisfactorily in this
numerical study because of the complex interaction among
variables. Because a reliable fundamental combination model
could not be trained using small data sets with less than
100 observations, the full combination model will be used
by default for small data sets. Hence, TABLE 5 summarizes
only results from the fundamental combinations with at least
100 observations. The RMSE improvement is ranging from
8.9% and 10.8% against the properly trained full or fun-
damental combination XGBoost models, which are used in
the proposed method. The model selection approach also
enhanced the prediction model transparency compared with
the original XGBoost method, which is used for the training
of all models. Although XGBoost is an ensemble decision
tree method that provides better transparency than other ML
methods [34], extracting explainable results is difficult when
hundreds of different trees are present. Thus, when several
models are selected, the similarity among these models can
be used to help explain the ML results. For the illustration
of model transparency, the 90QT and RMSE of the differ-
ent models for the fundamental combination (2, 3, 3, 1, 17)
of the semiconductor dataset are summarized (Fig. 5). The
best performing model of the one-stage (90QT, I'Y

X1,X2,...Xk?
3) and two-stage selection methods (90QT, Fler,xz,.‘.xk’ 10,
FXI! v...x 3) identified partial model 11(My; jg(2))), partial
model 7(M(xj, j¢(2,41) and partial model 2 (M(xj, j¢(2,3,4}) for the

prediction.
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RMSE AND 90QT QUANTILE OF ASSOCIATED PREDICTION
MODEL M FOR A FUNDAMENTAL COMBINATION (2,3,3,1,17)

~

N N/

Partial Partial = Partial Partial = Partial Partial Partial Partial Partial = Partial Partial Funda
Model Model Model Model Model Model Model Model Model Model Model mental
1 2 3 4 5 6 7 8 9 10 11 Model

—&—RMSE_Tr 4.40976 1.48824 0.03292 0.40082 0.50806 1.28412 0.40818 0.0088 0.02552 0.00365 0.9058 0.00312 0.00614
—8—RMSE_V 5.6878 4.94851 1.51339 2.71297 2.99738 6.64666 6.80792 2.3553 1.04251 6.85251 6.67111 0.36108 7.09374
90QT_Tr 5.50628 1.62169 0.03509 0.43592 0.64871 1.51016 0.45943 0.00713 0.02928 0.00409 1.14282 0.00403 0.00643
90QT_V 6.55123 5.47767 0.54103 4.07549 0.83563 6.99006 6.71537 0.44174 0.81076 7.89401 7.28251 0.40317 6.97049

KPI VALUES

Full
Model

—e—RMSE_Tr —e—RMSE_V 90QT_Tr 90QT_V

FIGURE 5. Enhancing the model’s transparency using the model selection methods.

TABLE 6. Testing performance in Diamonds dataset.

(A)Testing performance of different model selection methods«

One-stage model selection methods (A, B, n) Two-stages model selection methods (A, B, n, C, m)
A RMSE RMSE RMSE RMSE 90QT 90QT 90QT 90QT RMSE RMSE RMSE RMSE 90QT 90QT 90QT 90QT
model
Tr Tr v v Tr Tr 4% v Y Tr v v Tr Tr v v
selection
n 1 3 1 3 1 3 1 3 10 10 10 10 10 10 10 10
methods
C - -- -- - - - - - v v Tr Tr v v Tr Tr
M = - e - = = = = 1 3 1 3 1 3 1 3
RMSE:T\ 628.95 56933 57434 540.08 62925 56937 584.08 543.13 57434 53992 628.95 56933 584.08 542,75 62924 56937
model
MAPE:fn 7.7617 69212 6.9914 64767 7.7654 69213 7.0139 6495 69914 64722 77617 6.9212 7.0139 65014 7.7656 6.9213
fitness
il gOQ'I‘:-‘N 551.06 49244 522,19 484.70 54999 493.11 S517.78 477.51 522,19 48592 551.06 49244 S17.78 47855 54999 493.11
indexes
ME:I'\' 367.80 33123 33864 31542 36804 33120 34080 31596 33864 31516 367.80 33123 340.80 31625 368.05 33120
MAAPE?I: 7.6731 6.8546 69261 64215 7.6767 68547 69455 6.4379 69261 64169 7.6731 6.8546 6.9455 64442 76769 6.8547
Réru\ 09678 09736 0.9731 09762 09677 09736 09722 09760 09731 09762 0.9678 09736 0.9722 0976 09677 09736
(B) Testing performance against prediction methods from the literature}
Full Fundamental Full Fundamental | Best One-Stage Best Two-Stages . Polynomial . .
o o o o T Decision tree . Hierarchical
Combination | Combination | Combination | Combination (RMSE, (90QT. I'I] X Xp ) Regression )
) ) P o regression Linear
Regression Regression XGBoost XGBoost Loy xzixys 3) 10, T, 5,540 3) [13] .
[13] regression [ 16]
Model Model Model Model Method Method (n=2)
RMSE;IB 1117.17 1274.77 55243 629.57 540.08 542.75 777.55 1018.73 1148.78
MAPE?B 27.70 13.47 6.67 7.76 647 6.50 9.16 18.35 44.47
90QT:'1; 1206.23 562.52 502.55 549.09 484.70 478.55 499.00 722,59 803.95
MAE:n 747.04 453.16 32587 367.72 31542 316.25 373.42 549.50 1267.75
MMPE?T: 21.84 11.84 6.61 7.44 642 6.44 8.91 16.88 31.72
szr‘ 0.8949 0.8632 0.9751 0.9677 09762 09760 0.9612 0.9334 0.9161
Among the three selected models, partial model 11 variable, and pooling these training datasets improves the
(M j¢(2y)) pools together the fundamental datasets with prediction accuracy (i.e., the categorical attribute combi-
different categorical attribute (X;) values. Therefore, differ- nations (x1,x2,...x5) = (2,%,3,1,17) influence the

ent X attributes exert similar influences on the response response variable in the same way). Similarly, for partial
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models 7 and 2, the categorical attribute combinations
(2, 2, 3, Q4, 17) and (2, 22, 23, R4, 17) yield similar pre-
diction models. In other words, different X, X3, and Xy
combinations will not affect the prediction model behavior
when x; = 2 and x5 = 17. Moreover, the model selection
results suggest that the categorical variables’ X and X5 values
interact or exert different influences on the response variable.
When a partial combination model is selected, the similar-
ity between fundamental combination data sets is revealed.
As shown in Fig. 4, fundamental combinations 1 and 7 have
a similar response variable distribution. The fundamental data
sets are combined to create a large partial combination data
set that would enhance the prediction accuracy and suggest
the hidden correlation between those categorical attributes.
Enhancing model transparency using partial combination of
categorical attributes is among the first in literature.

B. DIAMONDS DATASET

To validate the proposed method further, we compare with the
existing approaches using the open data set, Diamonds from
ggplot2 [38]. The data set contains 53,940 observations, and
further details can be found in [39]. This data set includes
3 categorical attributes (X;,i = 1...3), which reflect the
quality of the cut of the diamonds, diamonds’ color, and a
measurement of the extent of clarity of the diamond, and
six numerical attributes (X;, [ = 4...9). The response vari-
able refers to the price of diamonds in US dollars. In the
Diamonds data set, the categorical variables Xi, X2, X3,
have 5, 7, and 8 categorical attribute values, respectively
Ge., 21 = {1,2,3,4,5},Q2 = {1,2,3,4,5,6,7} and
Q3 = {1,2,3,4,5,6,7,8}). The proposed model selec-
tion method is compared with the results in [40] and sev-
eral other methods from the literature. The results are
summarized in TABLE 6. According to the model fitness
indexes shown in TABLE 6, similar performance improve-
ment is observed in this open mixed data set. The perfor-
mance improvement in RMSE ranges from 1.8% and 14.2%
against the properly trained full or fundamental combination
XGBoost model, which is used in the proposed method and
the performance improvement in RMSE is at least 30.2%
against other methods from the literature.

VIil. CONCLUSIONS AND FUTURE WORK

In this study, a novel model selection method is proposed
to improve the prediction performance for mixed datasets
with complex interactions and the transparency of the pre-
diction method. The proposed model selection prediction
method is compatible with any existing regression or ML
prediction method. Multiple prediction models can be gen-
erated under different categorical attribution combinations
by partitioning a dataset into subsets with different cate-
gorical attribution combinations. One-stage and two-stage
model selection methods are applied to the training and
validation datasets to select the appropriate models. Results
demonstrated the potential of the proposed model selection
prediction methods in the mixed dataset. The cross-validation
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test results indicated a 10% improvement in the prediction
accuracy with respect to the properly tuned XGBoost models.
Moreover, compared with other methods from the literature,
at least 30% reduction in RMSE is observed when the pro-
posed methods are applied. In the future, the relationship of
the model selection parameters (A, B, n, C, m) to the charac-
teristics of the datasets will be explored. The potential of the
model selection method can be further enhanced by properly
tuning such parameters. Moreover, different statistics or ML
methods will also be combined in the model training stages
to further improve the overall prediction accuracy.
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