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Abstract

When carrying out modelling analysis using experimental data is important to
obtain a measure of the relative fit of the each model as a primary selection crite-
rion. In this sense, there are few studies based on multi-model selection techniques
for the theoretical representation of data sets, so it is common to incur in a mis-
interpretation of the existing patterns, or even more, the incorrect extrapolation
and prediction based on the wrong model. This paper is intended to evaluate in
40 datasets from various ecological published studies the effectiveness of the linear
regression model designated by the authors by contrasting with six regression mod-
els using the Akaike and Bayesian information criteria, and furthermore to discuss
its implications on subsequent interpretations made. It was found that the linear
regression model was successful only in 13.35% of the datasets (15% of datasets
for AIC and 11.7% of datasets for BIC ), but in the other hand, the logarithmic
model was the most successful model in 38.5% of the cases (35% of datasets for
AIC and 41.1% of the datasets for BIC), casting doubts on the efficiency of the
linear regression over other types of regression under biological data.
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Resumen

Cuando se lleva a cabo análisis de modelamiento usando datos experimentales
es importante obtener una medida de la confiabilidad del ajuste relativo de cada
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modelo como un criterio principal de selección. En este sentido, existen pocos es-
tudios basados en técnicas de selección multimodelo para realizar representaciones
teóricas de conjuntos de datos, por lo que es común incurrir en una mala inter-
pretación de los patrones existentes, o más aún, extrapolar incorrectamente y basar
predicciones en modelos eqúıvocos. Este documentos está enfocado en evaluar en
40 conjuntos de datos provenientes de varios estudios ecológicos publicados, la
efectividad de la regresión lineal designada por los autores al contrastarla con seis
modelos de regresión usando los criterios de información de Akaike y Bayesiano, y
además discutir las implicaciones de las interpretaciones subsecuentes de acuerdo
al modelo. Se encontró que el modelo de regresión lineal fue exitoso en solo el
13.35% de los conjuntos de datos (15% de los conjuntos de datos para AIC y
11.7% de los datos para BIC), pero por otro lado, el modelo logaŕıtmico fue más
exitoso en el 38.5% de los casos (35% de los conjuntos de datos para AIC y 41.1%
de los datos para BIC), generando dudas sobre la eficiencia del modelo de regresión
lineal sobre los otros tipos de regresión en datos biológicos.

Palabras clave: AIC, BIC, mı́nimos cuadrados, regresión..

1 Introduction

The studies focused on understanding our world through modeling analysis play
a major role in providing new knowledge about patterns of the real (Burnham &
Anderson 2004). Models are important by considering in addition to the parame-
ters, the relationships expressed between and within variables (Lahiri 2001, Burn-
ham et al. 2011). In the scientific scope is crucial to execute valid inferences from
evidence and therefore it is important to consider alternative hypotheses as models
representing each paradigm conceived during the design stage of the investigation
or even during the analysis process (Hulme 1992). It is common to find that de-
spite a careful reflection in the selection of an a priori model, many mistakes are
made by excluding the reflective context of the general aspects on research, or
more frequently the philosophical background in which analysis lays (see Milliken
(1990) and Spiegelhalter et al. (2002)).

The selection of an appropriate model tends to avoid underutilization of infor-
mation from the data and consequently prevent the “discovery” of false positives
(Wasserman 2000). Among the methods developed recently as criteria for the se-
lection of a “best model” approached from a priori models are the Akaike (AIC)
and Bayesian (BIC) information criterion (Sugiura 1978, Hurvich 1991). Both
offer a new proposal in the biological sciences with significant computational and
philosophical advantages, but they are somewhat different from the usual methods
based on p values derived from the theory of least squares (LS) (Forster 2000).

Meanwhile, the minimal implementation of methods based on maximum likelihood
or Bayesian approaches in statistical packages often used for analysis of biological
data (eg. PAST, STATISTICA and PRIMER, among others), generates a bias
towards supports for p values to relatively simple hypothesis, which prevents a
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critical and holistic approach on more paradigms in modeling and interpretation
of the data (Breiman 1992, Wells 1992). In order to highlight the importance of
integrating a multimodel selection approach in the methodological research phase,
we reviewed 40 scientific articles to verify the advantage of the author´s selected
model of regression by comparing it with five other regression models according to
the AIC and BIC criteria. The main objective was to emphasize the consequences
of the erroneous selection model by confronting deviations and probable errors
during the data interpretation (Akaike 1998).

2 Materials and methods

Information criteria allow the identification of models that involves less loss of in-
formation based on a balance with respect to the number of parameters to which
it is incurred. The analysis where developed in accordance with the Akaike infor-
mation criterion (AIC) which is defined as,

AIC = 2K − 2 lnL

whereK is the number of parameters and L is the maximized value of the likelihood
of the model. On the other hand, the Bayesian Information Criterion (BIC), which
penalizes more rigorously the number of parameters, is defined as,

BIC = −2 lnL+K lnn

where, L denotes the maximum likelihood model, K the number of parameters and
n the number of observations. Under these two information criteria we evaluated
the relative fit of the linear model selected by the authors of all 40 published
papers consulted in the Ecological data wiki (Jones et al. 2009, Table 1) with
the quadratic, cubic, polynomial, logarithmic and inverse logarithmic regression
models we implemented for comparison purpose. All analysed datasets contained
continuous variables, which allowed us to compare the performance of each general
regression model in the datasets.

The simple linear regression model is the simpler regression type in which data
is modelled using a linear predictor function and the parameters are estimated
from the data. It involves and independent or regressor variable (x) and the
corresponding response variable (y). The equation of the straight line which relates
the two variables is:

y = β0 + β1x+ ε

where β0 is the intercept (if 0 is included in the range), β1 the slope and ε the asso-
ciated error. A second-order model regression was also evaluated. The quadratic
model involves a parabolic adjustment of the two variables and is described by the
equation:

y = β0 + β1x+ β2x
2 + ε
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Table 1: References considered in the analysis of the adjustment for the linear
regression models in 40 biological datasets. Source: own elaboration.

No. Reference No. Reference
1 McArthur et al. (2008) 21 Marshall et al. (2013)
2 Bode et al. (444) 22 Olsen et al. (2008)
3 Eagle et al. (2013) 23 Riget et al. (2007)
4 Kienast et al. (2012) 24 Suzuki et al. (2013)
5 Krebs et al. (2012) 25 Trotter et al. (2011)
6 Lamberson et al. (2011) 26 Zimmermann et al. (2015)
7 Madin et al. (2001) 27 Wheater et al. (2011)
8 Wagner (2013) 28 Miller et al. (2014)
9 Hashizume et al. (2014) 29 Fu et al. (2014)
10 Boyer et al. (2014) 30 Bhattacharyya et al. (2013)
11 Asp et al. (2012) 31 Boisson et al. (2013)
12 Calkins et al. (2013) 32 Hilbe (2011)
13 Hone (2013) 33 Jones (2012)
14 Vitt & Pianka (2014) 34 Quinn et al. (2013)
15 Shero et al. (2014) 35 Tang et al. (2014)
16 Wen et al. (2012) 36 Werner & Griebeler (2014)
17 Zhang et al. (2013) 37 Desapriya et al. (2014)
18 Hiregoudar et al. (2014) 38 Hossieny (2014)
19 Murugkar (2014) 39 Jitnarin et al. (2014)
20 Ogawa et al. (2014) 40 Koike et al. (2014)

where β0 is the mean of y when x = 0, β1 and β2 are the linear and quadratic
effect parameters respectively, and ε the error. The quadratic regression model
can be generalized in a K-th order polynomial model in one variable,

y = β0 + β1x+ β2x
2 + · · · + βkx

k + ε

where the parameters are essentially the same as the quadratic regression, and βkx
k

represents de k-th term of the kth order polynomial regression. The logarithmic
regression involves

y = logb x

where b is the base of the logarithm. It´s inverse function is closely related and is
expressed as,

y = bx

requiring the same parameters that logarithmic model.

Analyses were performed using the package Stats in R software based on the
original matrices and using the independent and dependent variables in accordance
with that defined by the authors. Because all variables analyzed where continuous,
we verified the assumptions for a general linear regression analysis in each data
set, and also interpreted the relevance and implications of the model selection in
analyzes performed subsequently.
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Table 2: Best model fits in the different sets of data according to the AIC and BIC
criteria. Source: own elaboration.

Modelo AIC(%) BIC(%)
Logarithm 35,0 41,1

Lineal 15,0 11,7
Cuadratic 15,0 11,7

Cubid 15,0 11,7
Polynomial 15,0 11,7

Inverse logarithm 5,0 11,7

3 Results and discussion

AIC values for the data sets examined indicated an incorrect selection of the re-
gression model in 75% of cases and 88.3% according to BIC. The papers consulted
considered only linear regressions and therefore directly assume on the data set
characteristics of normality and homogeneity of variances that are not corrobo-
rated. The Akaike information criteria and Bayesian had a match on the model
that best explains the data in 90.9% of the events of selection, therefore, the mod-
els specified by each criterion are generally not so dissimilar. It was found that
the logarithmic model presented the highest frequency in the fitting for all rela-
tionships between variables considered (Table 2), being selected by AIC as correct
in 35% of cases and 41.1% for BIC. According to AIC, the linear, quadratic, cu-
bic and polynomial models are also explanatory in 72.7% of the data records and
therefore are less explicative than the logarithmic model, which collects the widest
part of the information contained in the data.

According to AIC, the inverse logarithmic model was the least favored and there-
fore presented the smallest explanatory power relative to other models in the same
set of data. The BIC criterion indicated only the logarithmic model as superior
in explanatory power, but not discerned in capacity among the other models with
less explanation. In the dataset and according to the Bayesian approach, the lin-
ear, quadratic, cubic, polynomial inverse logarithm models where correct the same
number of times (11.7%) and therefore, in some datasets are the most efficient in
modeling the dispersion characteristics than in others.

The selection of one of the papers considered for graphically analysis indicated
that the scatter of points around the linear regression is much greater than when
comparing a logarithmic regression (Figure 1). This is corroborated by each R2

values, being lower in linear regression with respect to the logarithmic (0.4333 and
0.4352 respectively).

The data analysis methods do not allow the unambiguous description of a system,
but the parameters used may be useful towards a better approximation of the
patterns. Is considered to be important to find the simplest model that defines
best in its equation the characteristics present in the data (Hilborn & Mangel 1997,
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Figure 1: Differences between two regression models applied to the same set of
data. The regression equation and the value of R2 is indicated for each relation.
A. linear regression, B. logarithmic regression. Source: own elaboration.

Stephens et al. 2007). In this sense, the logarithmic model presents, along with the
inverse logarithmic, fewer parameters among the tested models, implying minor
penalty by the Akaike and Bayesian criteria. The distinction and decision rule
between these two models, varies therefore by the value of maximum likelihood in
each dataset. This implies therefore that the logarithmic model represents better
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the characteristics of the data than the inverse logarithm, since it presents the
optimum combination of the number of parameters and maximum likelihood in
the different datasets (Motulsky & Christopoulos 2004).

The logarithmic model is usually used as an efficient solution to various com-
mon aspects in biological systems: (i) where the scale of the data is sufficiently
large, the logarithmic standardization reduces the spectrum, (ii) for data where
the residuals increase with higher values in the dependent variable or (iii) if there
are multiplicative effects (interaction) between the variables. On the other hand,
the inverse logarithmic model which also has the lowest number of parameters, was
expected to be one of which presents a low value for AIC and BIC, but despite
this, it was the least representative among the models tested (5% and 11. 7%
respectively). In this case, the likelihood discerns between this and the logarith-
mic model that fits better to the data set (Draper & Smith 1998). On the other
hand, the polynomial model does not balance model complexity with respect to
their explanatory power and is only recommended when a good curve is obtained
for graphing or interpolate unknown values. This is one of the reasons why the
polynomial model does not show the best fits (Brand & Johnson 2004).

It is clear the high concordance between the decisions of fit between the two
criteria (90.1%), so that the differences are due to the strict penalties made by
BIC (Symonds & Moussalli 2011)), but both criteria reflects fidelity to the selection
of the model with the best balance in the adjustment. Analyses indicated that the
linear model was not always the best descriptor of the datasets, because between
75% and 83.3% of the times the model that best fit the data was a linealizable
model. This is a consequence of subjective selection of a linear regression model
for being the simpler and easy to perform than other methods, without regard
the assumptions of the function (Gaussian data distribution and homogeneity of
variances (Draper & Smith 1998)).

Some clear grounds for not selecting linear regressions as descriptors of complex-
ity in datasets is defined within the same analysis (R2 value), which at low values
implies a low explanatory power of the observed variance in the dependent vari-
able by the dependent (Bevington et al. 1993, Varin & Vidoni 2005). Another
reason why linear regression cannot fits the data significantly corresponds to the
assumption that the independent variable has been properly defined and that the
experimental error and biological variability affects only the values of the depen-
dent variable, which in a pragmatic sense never occurs (Bates & Watts 1988). In
biological systems the variance explained by a variable in relation to another is
usually results of the synergistic effects (Gabrielsson & Weiner 2001).

4 Conclusion

The incorrect selection of a predictive model for a biological system generates
definitively the establishment of erroneous conclusions, leading to mistaken expla-
nation of important events and sacrificing the pragmatic applications of the new
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paradigms. It is crucial then, to carry out an objective and clear selection of the
models, allowing the matching between the correct predictions with the observed
data.
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