EGE AKADEMIK BAKIS | EGE ACADEMIC REVIEW

Volume 26 « Number 2 « April 2026
Cilt 26 « Sayi 2 « Nisan 2026

Contents

The “Crabs in a Bucket” Phenomenon in School Organizations:
A Qualitative Research

Yasemin UNALAN, Faruk LEVENT

Bibliometric Analysis of Clinical Leadership Studies:
Trends and Insights from the Web of Science
Birol YETIM

Perception of Organizational Sycophancy in Universities:
A Research on Academicians

Ayse Nihan ARIBAS, Yusuf ESMER, Muhammet YUKSEL

Overcoming the Glass Ceiling Syndrome through
Digitalization and Artificial Intelligence in OECD Countries
Elif SAVASKAN

Comparison of Model Selection Criteria for Models Including Trend
and Seasonal Components in Econometric Time Series
Pinar GOKTAS

A Study on Electric Cars with
Bertopic Topic Modeling Technique
Gizem Sebnem BEYDOGAN, Metehan TOLON, Semiha GUNGOR

Strategic Leadership and Social Sustainability in Global Aviation:
A Discourse Analysis of Airline CEOs
Tugay ONEY, Yesim TUM KILIC

Analysis of the Relationship Between Tax Wedge and
Unemployment in OECD Countries
Merve YOLAL, Uzeyir AYDIN

161-176

177-188

189-206

207-224

225-236

237-248

249-270

271-282

Article Type:

Research Article

Article Type:

Research Article

Article Type:

Research Article

Article Type:

Research Article

Article Type:

Research Article

Article Type:

Research Article

Article Type:

Research Article

Article Type:

Research Article

Article Type:

Research Article

Article Type:

Research Article



EGE AKADEMIK BAKIS | EGE ACADEMIC REVIEW

Article Type: Research Article

Cilt 26 « Say1 2 « Nisan 2026

SS.225/236

Doi: 10.21121/eab.20260205

Basvuru Tarihi: 29.01.2024 - Kabul Tarihi: 11.12.2025

Comparison of Model Selection Criteria for Models Including
Trend and Seasonal Components in Econometric Time Series

Pinar GOKTAS'

ABSTRACT

The paper aims to compare commonly used model selection criteria in time series modeling, such as Adjusted R2, log-likelihood,
Akaike Information Criterion (AIC), Schwarz Information Criterion (SIC), Hannan-Quinn (HQ) Information Criterion, and Mean
Squared Error (MSE). In this context, for an additive time series, data was produced in different sample sizes from n=60 to
n=500 accross 17 different stationary stochastic processes, including constant, trend, seasonal and irregular components. Each
production was repeated 10000 times and the criteria were calculated.

For very large sample sizes, the HQ information criterion provides the best results for all types of time series models. It was
observed that log-likelihood performed poorly in almost all models. It has been found that “Adjusted R2" is the best option for
models with sample sizes less than 120, and “AlC” criterion is the best option for choosing the right model as the sample size
increased. These findings offer practical guidance for researchers in econometrics, helping them select the most appropriate
model selection criterion to reduce erroneous decisions and improve the reliability of time series analyses based on sample size

and component characteristics.
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INTRODUCTION

Oneofthetechniqueswithabroadrange ofapplications
in econometric analyses is time series analysis. The
compilation of the majority of economic data in the form
of time series plays a crucial role in the emergence of this
situation within the economic framework.

Time series is a sequence of observations arranged
in equal time intervals over time. It consists of various
deterministic and stochastic (probabilistic) components
such as trend (long-term trend), seasonality (seasonal
fluctuations), periodic (cyclical fluctuations), and irregular
movements (error term). The deterministic feature in time
series is generally involve examining whether the time
series has constant, trend, and seasonal components.
Stochastic features, on the other hand, mainly involve
investigating the stationarity of variables. Accurately
identifying deterministic and stochastic properties in
time series and making appropriate modeling is of great
importance for reliable predictions.

If the objective is to analyze a time series then the
analysis would be considered as the collective term for
statistical investigations, applications, and approaches

that including determination, forecasting, and testing
accuracy with the aim of understanding the underlying
structure of the observed data. The goal is to gain
insights into the fundamental effects that give rise to the
data, comprehend the structure underlying the observed
data, and make reliable forecasts for the future.

In addition, it can be easily estimated that an initial
analysis of each series is a prerequisite for successful
empirical modeling (Franses, Hylleberg and Lee,
1995:249). Fundamental characteristics that need to be
addressed in the data include extreme or missing values,
sudden changes in the level of series, breakpoints,
heteroskedastic structure, and so on. Furthermore,
trends in the series over time, characterized by long-
term increases and decreases, can be considered as
linear and nonlinear or deterministic and stochastic
trends. Similarly, regularly recurring peaks and troughs
in relation to period of times such as daily, weekly,
quarterly, and monthly patterns (seasonality) manifest in
two forms: deterministic and stochastic. In this context,
the preliminary analysis involves addressing significant
features of the time series and accurately defining the
structure of the variables under investigation.
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In econometrics of time series, methods and
approaches vary significantly depending on the
presence of deterministic and stochastic components
in the series under investigation, leading to different
results. For instance, while adding dummy variables
to a regression model might be appropriate for a
deterministic trend or seasonality, differentiation of a
time series may be necessary for a stochastic trend or
seasonal fluctuation. Therefore, before diving into the
analysis, it is crucial to correctly identify the deterministic
and probabilistic components inherent in the series.
This well-known fact among researchers raises one of
the most important questions: the cost of treating a
deterministic factor as stochastic or vice versa in reality.
Just as excluding a deterministic effect in the model
causes model determination error, treating the specified
effect as stochastic or vice versa can lead to many
standard problems. At the same time, some packages
may generate all type of results depending on the
information provided and the direction of the research,
potentially leading to confusion.

As is known, model selection represents the problem
of using data to choose a model from among candidate
models set (Wasserman, 2000:92; Kadane and Lazar,
2004:79). Essentially, it involves the use of a model
selection criterion to find the most appropriate model
that fits to the data. In particular, information criterion
techniques emphasize minimizing the amount of
information required to represent the data and model
(Acquah,2019:2). In this framework, the correct model
selection is of critical importance in reducing negative
(making noisy
conclutions etc.) that may arise from the use of an
inappropriate model (Ding,Tarokh and Yang, 2018:1).

consequences incorrect decisions,

Additionally, since different information criteria
may yield different model selection in practice, it may
eventually be necessary to choose one criterion to
reach a final model. On the other hand, this situation
causes confusion among researchers about whether the
information criterion used is the best, the reliability of the
model, the accuracy of the obtained findings, and so on.
In fact, determining when and how to appropriately use
information criteriaisacomplexissue,and the uncertainty
in model selection should be assessed properly. Over
the past few decades, researchers have found that the
successful use of each method may depend on many
factors, such as the underlying data generation process,
the proposed models (especially how close they are to
the data generation process), and the sample size,among

others (Zhang, Yang and Ding, 2023:2). There are many

studies about several objectives and using different
methods in the literature to evaluate of performance of
commonly used criteria and goodness-of-fit assessment
tool (Clayton, Geisser and Jennings, 1986:437-438;
Mills and Prasad,1992:219-221; Mavreski et al,2018:4;
Acquah,2019:5-6, Zhang, Ding and Yang,2022:24, Hacker
and Hatemi-J,2022:1055-1056).

Recent advances refine model selection strategies
for complex time series. Dete et al. (2025) demonstrate
that Kullback’s symmetric divergence, a metric closely
related to AIC's theoretical foundation, outperforms
traditional criteria in regression models with non-linear
trends, echoing our findings on HQ’s robustness for
stochastic trends. Meanwhile, Roy & Lesaffre (2025)
propose Bayesian-focused criteria, highlighting trade-
offs between parsimony and fit that parallel our
comparisons of AIC (fit-focused) versus SIC (parsimony-
focused). Finally, Li et al. (2025) validate deviance-based
selection for models with latent components, supporting
our analysis of stochastic seasonality (Table 2). Together,
these studies underscore the importance of tailoring
criteria to component types (deterministic vs. stochastic),
a core contribution of our work.

As the study focuses on economic time series, the most
frequently encountered deterministic components, trend
and seasonality, were emphasized. In this context, series
containing deterministic and/or stochastic trends and/
or seasonality for deterministic and stochastic processes
were generated through a simulation study. Various series
with different sample sizes and effects were modeled to
investigate the performance of model selection based on
certain information criteria and goodness-of-fit tests. It is
aimed to determine the success of correct classification
rates of models including the basic components of
economic time series. In this context, a Monte Carlo study
has been conducted to compare these methods.

The structure of the paper is summarized as follows.
The data generating proccess for time series under
study is introduced within the section of theoretical
background. The research methodology of the paper is
presented within the methodology section following
with an application study presenting results in details. In
the last section, concluding remarks are given.

THEORETICAL BACKGROUND

Conventional time series analysis involves decomposing
the fluctuations of the unobservable components of the
series (trend, seasonal, periodic, and irregular) through
purification procedures until the irregular component
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becomes a white noise process. In traditional methods,
time series analysis is based on decomposing the series
into trend, seasonal, cyclical, and irregular components.
The general
decomposition approach is expressed (Buteikis, 2020:4-5):

mathematical representation of the

Y;:f(ﬂastchyEt) (1)

where, v, represents the time series value at period
t (real data) and the trend component T. is the long-
term trend in the series. The seasonality component
s. represents fluctuations in the series depending on
time intervals such as hours, days, months, quarters,
etc,, within a calendar year. The periodic component c,
represents cyclical changes that occur atintervals thatlast
longer than a year. The irregular (residual) component &,
represents the non-systematic movements in the series.

Macroeconomic time series are generally determined
by trend, seasonal, and periodic components as well.
However, while the first two components are extensively
studied in the literature, the periodic structure of the
series is less emphasized. This situation can be attributed
to the fact that the majority of economic time series
contain at least one stochastic trend and exhibit strong
seasonality that explains a significant portion of the
variations (Franses, Hylleberg, and Lee, 1995.249-250;
Caporale and Gil-Alana, 2007:155; Hylleberg, 2006.1-2).
In this context, the comprehensive representation of
the equation where a time series is assumed to combine
trend, seasonal, and irregular components is organized
as follows:

Y,=T,+S+E (t=1,...,7) (t=1,...,T) (2)

where Y, represents an observable time series at time t,
and T, S. and E: represent unobservable trend, seasonal,
and irregular components, respectively. Additionally,
one of the most important models for economic time
series is the basic structural model consisting of these
three components (Harvey and Peters, 1990:90). The
multiplicative model under the assumption of the
multiplication of unobservable components is in the
form of:

Y,=T;-8,E, (3)

and it can be transformed into an additive form by
taking the logarithms of the components.

log(Y;) = log(T3) + log($:) + log(E;) 4)
As stated before; economic time series often exhibit

long-term increasing or decreasing trends, referred to
as “trend” However, when a series contains any trend,

the analysis begins after removing the effect of that
trendto predict the behavior of the series no matter
how long the duration is (either short or long). Fitting a
direct autoregressive (AR) model to the non-stationary
original series is not an appropriate approach (Kitawaga,
2010:159-160). Let's consider the simplest case where a
time series is expressed as follows:

V=T +w (5)

where  Ti=agtat+---+ant™  represents the
polynomial trend component, and «-N(©.°) follows a
Gaussian distribution. Deterministic trend models are
generally obtained using the following polynomial

function (Kitagawa and Gerch, 1996).
Ti= ait (6)
i=0
AR, =, (7)

When the actual trend exhibits a polynomial or a close
to a polynomial, such a parametric model can provide a
good estimate of the trend. However, in other cases, the
model may not adequately capture the characteristics of
the trend or become overly sensitive to random noise.
Here, when ai is a time-varying coefficient, it can also
turn into a stochastic structure such as a random walk.
Stochastic trend is based on the trend component model
(Kitagawa and Gersch (1984, 1987,1996).

Tt:Tt—l"‘Ut (8)

where v is a white noise series with a mean of 0 and
an unknown variance, denoted as N(0,57), When k=1 in
the difference equation, the trend component model
transforms into a random walk and is referred to as a
constant trend. Additionally, when k=2, linear trend
component with constant slope is obtained, when k=3,
a quadratic trend is obtained. A generalization of this
model is represented as an exponential growth trend
model.

T, =¢Ti—1+v; (9)

where ¢>1 or ¢<1 determines an increasing or
decreasing trend. The average growth rate of T. is
calculated with r =¢ —1 and it can be observed that the
average growth rate is “0” in the random walk process

when ¢ =1,

As known, seasonal components in time series, like
trend, can be deterministic (predictable) or stochastic.
Seasonal component S¢ can be considered as a “signal”
that is replicated at certain intervals, representing
a structure (cycle) occurring repeatedly. A periodic
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signal means a stationary signal, and the aim here is to
decompose a univariate periodic time series into simpler
periodic functions. In this context, let “s” be a seasonal
period signal, where Wwkx=7%%/s and k=0,1,2,...,s/2
are fourier frequencies for each. The first frequency,
obtained by multiplying the frequency w1 = % is called
the “fundemental frequency’, and other frequencies
obtained by multiplying this frequency are called
“harmonics” (Giordano, Niglio and Storti, 2000:343-344).
/2

S, = Z[Amcos(wkt) + By, sin(wyt)]
k=1

(10)

In this context, methods known as Fourier analyses turn
into a suitable tool for modeling seasonal effects in time
series using trigonometric functions. Fourier analysis or
harmonic analysis is the decomposition of a time series
into the sum of its sinusoidal components (in the form
of sinusoidal curves). Sinusoidal curves can be used to
approximate seasonal changes, and the effect of these
components is removed to make the long-term trend
more visible. Moreover, according to the Fourier Theorem,
any periodic function can be expressed as a combination
of periodic components known as the Fourier series.

Additionally, the trigonometric function in Eq. 10 can
be rewrittenin Eq. 11;
s/2

Si=>_[Rycos(wit + )]

k=1

(1)

where equations for the kth harmonic can also be
represented in terms of amplitude R« and phase ¢«
(Bloomfield, 2000:7-8, Rodriguez et al,2015:605):

Ak = RkCOS(¢k), Bk = —Rksin(d)k)

_ (12)
Ry=VA{+Bi, ¢= arCtan(A—B;)
METHODOLOGY

In this study, Monte Carlo simulation was conducted
to model processes, and the results were obtained by
following three fundamental stages: “Data Generation
Process,”“Prediction of Models,” and “Evaluation of Criteria.

Data Generating Process and Simulation

Inthe study; Itisaimed to obtain 17 different time series,
from the simplest model containing only constants, to a
more complex relationship structure in which all states of
components exhibiting deterministic and/or stochastic
properties are included. In this context; 10000 series
representing each model were generated for 9 different
sample sizes ranging from 60 and 500 observations.
Additionally, the components for each model were

constructed separately and then included in the additive
equation. The following considerations were taken into
account in the simulation design for the generated data:

« Itwasassumed thatthe unobservable components
(Ty, Si, Et) are independent (orthogonal) from
each other.

«  There are no outliers/extreme/missing values in
the process.

- The irregular component E~ N(0,q). is a white
noise process with an independent and identical
distribution. For this study, «% was set to 1.0.

« No adjustments, transformations, filtering, etc,,
were applied to the series.

The trend component Tt was simulated through three
different cases: constant, deterministic, and stochastic
random walk. For the constant and deterministic trend,
it was generated with the model ai=0 for i=1,---,m
and i=3,---,m for obtaining the stochastic trend, the
relationship in Equation (9) was used with vi-N(0,07),
Specifically, Yt was generated as a white noise process
from a normal distribution with mean 0 and variance
o2 = 0.5. The initial value for the random walk trend, To
,was setto 0.

Similarly, for the monthly seasonal component, two cases
were considered: deterministic and stochastic seasonality.
Equation 10 was used to obtain these components. To
avoid complexity in the analysis, only the fundamental
frequency was taken, and the phase value was constant
while the amplitude was generated as a function of time
for the stochastic seasonal component. For stochastic
seasonality, the amplitude (Ax in Equation (10) or Rk in
Equation (11)) was modeled as a simple random walk
process, Axk=Ax_1+ ¢, where ¢ is a white noise error
term drawn from a normal distribution with mean 0 and
variance . = 0-2 The initial amplitude Ao was set to 1.

Prediction of Models

In ampirical applications, one widely accepted criterion
for choosing among numerous prediction models is the
good fit of the model to the data, meaning the model’s
forecasting accuracy is high. For example, when models
satisfy constraints and assumptions, the best model is
preferred, and the prediction performances of models
are compared to choose the model that provides better
predictions.

In this context, information criteria and goodness-of-fit
values have been utilized for the purpose of comparing
and evaluating the forecast accuracies of models.
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Evaluation of Results

In the study, the OLS method was used in model
predictions. Data generation processes, i.e, each series
whose underlying relationship structure is known,
were estimated on the basis of all models discussed in
the study. The correct model identification rate (correct
classification rate) for each criterion (Akaike,1974,1981;
Schwarz et al,1978; Hannan and Quinn,1979; Ebbler,
1975; Hurvich and Tsai, 1989; McQuarrie and Tsai, 1998;
Ucal,2006; Dogan and Dogan,2020; Riansut, 2023)
was obtained and tabulated. To facilitate comparison,
aggregated results were presented in Tablel1-2, while
more detailed outcomes were provided in Appendix.
MCCR stands for Mean Correct Classification Rate.

Regardless of the model type, meaning for any model,
the average performances of criteria were calculated
solely based on sample sizes and displayed in Table 1.

The most notable result in the table is the detection
success of the adjusted R?, whichis low for small samples.
It can be observed that the HQ criterion is effective in
models with very large samples, while the AIC criterion is
partially effective in models with large samples.

When evaluating the average true model identification
rates for each model collectively corresponding to each
criterion, the rates are provided in Table 1.

One of the most notable results is that the Log-
Likelihood captures the appropriate model less accurately
compared to other Another
noteworthy finding is that the SIC information criterion’s
effectiveness decreases as the number of parameters in

information criteria.

the model increases, consistent with the literature.

CONCLUSION

In this study, a comprehensive Monte Carlo simulation
was conducted to compare the performance of six
widely used model selection criteria—Adjusted R?, Log-
likelihood, AIC, SIC, HQ, and MSE—across 17 different
time series models and 9 varying sample sizes. The
primary objective was to determine which criterion best
identifies the true underlying data generating process.
The correct classification rates for each criterion were
meticulously calculated and presented in detailed tables
within the manuscript and the Appendix.

Our findings reveal several key insights. Firstly, the
ability of allinformation criteria to select the correct model
generally decreases with smaller sample sizes. For very
large sample sizes, the Hannan-Quinn (HQ) information
criterion consistently yielded the best results across all
types of time series models. Conversely, for models with
sample sizes less than 120, “Adjusted R? proved to be
the most effective choice for correct model selection. As
sample sizes increased beyond this threshold, the Akaike
Information Criterion (AIC) emerged as the superior
option. Overall, AIC and Adjusted R? were found to be
the most reliable criteria for appropriate model selection
in various scenarios.

A notable observation was the strong performance
of almost all information criteria when the time series
included a stochastic seasonal component. In contrast,
if the time series contained a deterministic seasonal
component, the Schwarz Information Criterion (SIC)
demonstrated reduced applicability, suggesting its
performance diminishes as the number of parameters in
the model increases, consistent with existing literature.
Furthermore, contrary to some interpretations, the Log-
Likelihood criterion consistently performed poorly in

Table 1: Correct Model Identification Rate (Correct Classification Rate) Independent of Model Type

Criteria N=500 N=250 N=200 N=150 N=120 N=108 N=96 N=72 N=60
AIC 76.59 73.81 70.74 65.49 61.20 59.04 57.10 52.22 49.29
HQ 86.05 68.46 62.79 57.73 55.18 54.04 53.33 51.21 49.44
MSE 60.46 60.08 59.49 58.36 57.02 55.94 54.68 51.11 48.22
SIC 7343 59.53 58.63 57.78 57.03 56.55 56.34 55.16 53.91
Log-likelihood 34.98 25.67 22.37 17.03 14.93 14.19 13.69 12.76 12.39
Adjusted R? 69.04 66.25 65.66 64.37 63.17 62.45 61.37 56.43 53.45
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Table 2. Correct Model Identification Rate (Correct Classification Rate) Independent of Sample Size

Models AIC HQ MSE SIC Log-likelihood Adjusted R?
Y, =c 4099  58.61 13.16  74.70 0.00 15.12
Y, =Deterministic Trend 5232 66.23 22,66 78.66 0.00 45.95
Y, =Stochastic Trend 4987 6420 2134 7782 0.00 15.64
Y, =c+ Deterministic Trend 60.74 7135 2924 8125 0.00 58.01
Y, =c+ Stochastic Trend 59.16  70.06  29.22 80.19 0.00 55.27
Y, = Deterministic Seasonal 3720 1999 3843 438 0.00 40.79
Y, =c+ Deterministic Seasonal 3736  20.12 3855 433 0.00 40.79
Y= Stochastic Seasonal 5333 7654 25.10 9140 0.00 27.76
Y, =c+ Stochastic Seasonal 71.10 8491 47.58 93.82 11.11 38.50
Y,,= Deterministic Trend + Deterministic Seasonal 59.45 2489 8846 4.69 24.59 94.83
Y,,=c+ Deterministic Trend + Deterministic Seasonal 60.11 2498 88.92 474 20.93 94.76
Y,,= Deterministic Trend + Stochastic Seasonal 8359 9168 68.05 96.66 11.66 80.84
Y,,, =c+ Deterministic Trend + Stochastic Seasonal 99.99 9999  99.95 99.95 88.89 99.26
Y,,= Stochastic Trend + Deterministic Seasonal 60.74 2642 8886 543 32.78 92.54
Y,,=c+ Stochastic Trend + Deterministic Seasonal 59.84 2664 88.14 558 27.26 94.65
Y, .= Stochastic Trend + Stochastic Seasonal 8343 9147 67.69 96.45 11.64 67.69
Y,,=c+ Stochastic Trend + Stochastic Seasonal 98.92  98.61 99.21 97.95 88.48 99.52

almost all models, indicating it may not be useful for
selecting the appropriate model in these contexts.

These simulation results provide valuable practical
guidance for researchers and practitioners engaged in
econometric time series modeling. By considering the
sample size and the nature of the seasonal components,
researchers can make more informed decisions regarding
the choice of model selection criterion, thereby
enhancing the reliability of their analyses and avoiding

incorrect conclusions.

It is important to acknowledge certain limitations of
this study. Our simulation design assumes orthogonality
(independence)
irregular components. While this approach simplifies the
analysis and facilitates clear attribution of component
effects, real-world economic time series often exhibit
more complex, interdependent structures that are
not captured under this assumption. Furthermore,

between the trend, seasonal, and

the generated data intentionally excluded outliers
and missing values, which are common challenges
encountered in empirical time series analysis. Future
research could explore the performance of these
criteria under more complex data generating processes,
including correlated components, structural breaks, and
the presence of atypical observations.
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APPENDIX

True Model Identification Rates (Correct Classification Rate) For Each Criteria and Goodness of Fit Assessment Tools

Table 1. True Model Identification Rates (Correct Classification Rate) via AlC for 17 Different Generated Models Against
6 Different Sample Sizes

AIC N=500 N=250 N=200 N=150 N=120  N=108  N=96 N=72 N=60
' 41.69 41.36 41.73 41.92 41.31 39.92 40.03 40.64 40.31
Y, 53.26 52.58 53.30 52.38 52.29 51.85 5248 51.75 50.99
Y, 51.69 51.70 51.26 50.94 50.04 49.68 48.89 47.90 46.72
Y, 60.80 61.67 61.12 61.03 60.49 60.41 60.72 60.72 59.71
A 61.82 61.14 59.87 59.33 59.75 58.71 58.78 57.67 5541
Y, 65.33 58.34 52.08 41.32 33.10 28.56 2517 16.87 14.07
Y, 64.79 59.09 51.69 41.09 33.24 29.26 24.35 18.00 1474
Y, 63.26 61.48 61.32 61.11 59.46 57.61 54.30 37.09 24.37
Y, 70.83 71.41 7230 71.69 71.65 7130 71.94 70.65 68.13
Yo 99.93 91.32 81.25 65.83 53.42 46.67 41.46 29.84 2531
Yo 99.91 91.58 83.15 66.47 52.84 47.82 42.07 31.01 26.17
Y 84.38 84.64 83.18 83.76 83.25 8341 83.15 83.20 83.32
Y 10000 10000 10000 10000 10000 10000 10000  99.99 99.88
Yo 99.94 92.21 83.25 68.04 54.16 48.68 42.93 31.32 26.16
\o 99.94 91.90 83.44 65.20 52.23 46.46 41.60 30.85 26.92
' 84.48 84.28 83.71 83.22 83.31 83.52 83.21 82.82 82.35
Y, 10000 10000 10000 10000  99.93 99.84 99.66 97.43 93.41
MCCR'  76.59 73.81 70.74 65.49 61.20 59.04 57.10 52.22 49.29

*Mean Correct Classification Rate

Table 2. True Model Identification Rates (Correct Classification Rate) via HQ for 17 Different Generated Models Against
6 Different Sample Sizes

HQ N=500 N=250 N=200 N=150 N=120 N=108 N=96 N=72 N=60
Y., 64.34 61.19 60.94 60.27 57.95 56.99 56.46 55.52 53.85
Y, 69.82 68.34 67.98 66.92 66.43 65.14 65.21 63.93 62.34
Y., 69.58 67.7 67.03 65.5 64.45 62.88 62.04 60.36 58.26
Y. 7343 72.57 72.33 7245 7113 70.57 70.81 69.89 68.98
Y., 74.34 73.36 71.83 71.01 70.05 69.16 68.81 67.35 64.66
Yo 81.32 36.57 23.47 12.73 8.02 6.3 532 2.88 3.27
Y, 81.16 37.55 2345 12.21 8.67 6.82 5.04 3.34 2.84
Yo, 85.85 83.24 82.11 80.03 78.78 77.94 76.59 67.58 56.7
Yo, 88.91 87.54 87.27 85.62 85.14 83.97 83.97 81.88 79.92
Yoot 96.06 45.15 29.81 16.73 11.17 8.2 7.24 53 4.31
Yo 95.85 46.52 30.35 16.52 10.02 8.91 7.1 4.91 4.67
Yo 94.55 92.95 92.99 92.28 91.31 90.98 90.91 89.74 89.42
Yo 100 100 100 100 100 100 100 99.99 99.89
Yin 96.42 48.7 3237 18.96 12.13 9.65 8.11 5.75 573
Yia 96.43 49.17 329 18.34 11.66 10.11 8.8 6.23 6.09
Yoo 94.82 93.3 92.61 91.87 91.22 91.38 90.75 89.33 87.94
Yin 100 100 100 99.98 99.92 99.74 99.51 96.64 91.67
MCCR’ 86.05 68.46 62.79 57.73 55.18 54.04 53.33 51.21 49.44
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Table 3. True Model Identification Rates (Correct Classification Rate) via MSE for 17 Different Generated Models
Against 6 Different Sample Sizes

MSE N=500 N=250 N=200 N=150 N=120 N=108 N=96 N=72 N=60
Y., 14.14 14 13.37 13.43 13.23 12.4 12.98 13.07 11.8
Y, 24.25 22.87 231 23.37 22.47 22.44 22.65 2143 214
Y., 23.26 22.61 22.41 21.6 21.34 21.15 21.04 19.84 18.79
Y. 30 30.56 29.96 29.18 29.89 28.92 28.7 28.59 274
Y, 31.31 30.2 29 29.38 29.57 29.24 28.73 28.5 27.06
Yo 43.97 42.11 42.69 39.9 39.86 38.18 36.79 3236 29.97
Y., 43.29 43.33 41.93 40.88 39.36 38.37 35.59 33.59 30.57
Yo 34.62 33.46 33.31 32.81 29.85 26.37 225 9.39 3.55
Yo, 46.71 48.02 48.06 48.62 48.89 48.56 49.57 48.38 41.39
Yoot 100 99.11 97.94 94.35 89.65 87.27 83.57 74.72 69.51
Yo 100 99.14 98.01 94.64 90.08 87.53 84.58 75.47 70.85
Yin 68.46 68.76 67.46 67.74 67.78 68.46 67.69 67.6 68.54
Yin 100 100 100 100 100 100 100 99.96 99.58
Yin 100 99.34 98.24 94.72 90.37 87.75 84.31 75.68 69.32
Yoo 100 99.37 98.02 93.94 89.67 86.51 83.07 74.49 68.15
Yoo 67.78 68.47 67.78 67.49 67.35 67.94 68.1 67.63 66.69
. 100 100 100 100 99.93 99.88 99.74 98.12 95.18
MCCR" 60.46 60.08 59.49 58.36 57.02 55.94 54.68 51.11 48.22

“Mean Correct Classification Rate

Table 4. True Model Identification Rates (Correct Classification Rate) via SIC for 17 Different Generated Models Against
6 Different Sample Sizes

sIC N=500  N=250 N=200  N=150 N=120  N=108  N=96 N=72 N=60
Y, 82.43 78.83 77.61 7634 73.93 7245 71.98 70.44 68.29
Y, 84.07 82 81.03 79.49 7859 77.16 76.79 75.29 73.54
Y, 85.27 82.2 80.48 79.28 77.87 76.19 75.17 72.54 71.42
Y, 85.57 83.06 82.95 82.52 80.47 80.04 79.72 79.15 77.81
Y, 86.1 84.17 82.87 814 796 79.18 78.49 76.26 73.68
Y, 35.95 2.14 0.85 0.24 0.07 0.07 0.03 0.01 0.1
Y, 35.68 2,01 0.72 0.18 017 0.07 0.06 0.03 0.02
Y, 96.63 94.57 93.91 92.27 90.94 90.66 90.29 87.63 85.72
Y, 97.26 96.03 95.91 94.5 94.08 92.72 93.13 91.09 89.62
Yoo 38 2.39 1.04 0.26 0.16 0.15 0.11 0.04 0.05
' 38.25 243 0.92 0.34 0.21 0.2 0.13 0.09 0.06
Y, 98.76 97.63 97.8 97.25 96.51 96.06 96.07 95.22 94.68
' 100 100 100 100 100 100 100 99.97 99.6
Y. 42.52 34 145 0.56 0.31 0.19 0.24 0.11 0.11
Y. 43.09 338 162 0.68 0.39 0.25 0.28 0.22 0.29
\ 98.66 97.75 97.61 96.92 96.3 96.47 96.25 94.72 93.4
o 100 100 100 99.98 99.83 99.55 99.11 94.96 88.1
MCCR' 73.43 59.53 58.63 57.78  57.03 56.55 5634 5516  53.91

" Mean Correct Classification Rate
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Table 5. True Model Identification Rates (Correct Classification Rate) via Log-Likelihood for 17 Different Generated
Models Against 6 Different Sample Sizes

Log.L N=500 N=250  N=200 N=150 N=120 N=108  N=96 N=72 N=60
. 0 0 0.02 0 0 0 0 0 0

Y, 0 0 0 0 0 0 0 0 0

Y, 0 0 0 0 0 0 0 0 0

Y, 0 0 0 0 0 0 0 0 0

Y, 0 0 0 0 0 0 0 0 0

Y, 0 0 0 0 0 0 0 0 0

Y, 0 0 0 0 0 0 0 0 0

Y, 0 0 0.02 0 0 0 0 0 0

Y, 001 0 100 0 0 0.01 0.01 0 0

Y, 9768 50.77 3231 1634 9.18 6.06 4.85 2.56 153

Y, 975 52.05 0 16.09 8.48 6.51 434 212 13

Y, 075 0.71 100 0.69 0.84 0.81 0.77 0.13 02

Y, 100 100 0 100 100 100 100 100 99.99

Y.  99.03 66.26 47.95 285 17.77 1353 109 63 4.82

Y, 9888 66.05 0 27.35 16.76 13.49 11.21 6.5 5.08

Y, 08 0.61 100 0.59 0.76 0.8 0.74 022 028

Y, 100 100 0 100 99.97 99.96 99.88 99.05 97.48

MCCR' 34.98 25.67 22.37 17.03 14.93 14.19 13.69 12.76 12.39

*Mean Correct Classification Rate

Table 6. True Model Identification Rates (Correct Classification Rate) via Adj. R? for 17 Different Generated Models
Against 6 Different Sample Sizes

Adj.R> N=500 N=250 N=200 N=150 N=120 N=108 N=96 N=72 N=60
" 17.14 16.58 16.22 15.37 14.74 15.15 14.64 13.77 12.49
Y, 73.08 474 44.73 43.21 41.1 41.42 41.81 40.44 40.37
Y., 14.45 14.54 15.5 15.39 15.91 15.76 16.14 16.11 16.97
Y, 76.93 59.05 57.76 55.17 55.95 54.55 53.96 54.75 53.93
Y, 5543 56.19 55.42 55.27 55.15 55.5 55 54.98 54.47
Yo, 443 43.25 43.46 42.01 42.04 41.31 40.5 36.4 33.85
Y, 43.65 43.37 43.56 42.62 41.83 41.04 38.73 37.38 34.96
Ye, 34.64 3348 33.32 33.17 31.85 29.65 27.51 16.74 948
Yo, 46.91 48.08 48.11 48.66 48.7 47.7 47.08 11.04 0.19
Yoo 100 99.99 99.72 98.73 96.66 95.36 93.07 86.82 83.1
Yo 100 99.95 99.61 98.73 96.45 95.4 93.15 86.75 82.76
Yon 9943 96.31 92.3 83.37 75.75 73.63 715 68.42 66.87
Yia 100 100 100 100 100 99.99 100 99.14 94.2
Yin 100 99.65 99.08 96.94 93.9 92.27 89.56 83.16 78.28
Yise 100 99.95 99.7 98.23 96.54 95.01 92.6 86.87 82.94
Yoo 67.78 68.47 67.78 67.49 67.36 67.95 68.1 67.61 66.7
Yo 100 100 100 100 99.95 99.96 99.86 98.92 97.02
MCCR" 69.04 66.25 65.66 64.37 63.17 62.45 61.37 56.43 53.45

“Mean Correct Classification Rate
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