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Abstract

In linear regression, residual normality and homoscedasticity assumptions must be satisfied for correct
statistical inferences, which are commonly ignored in forest biomass modeling. In these cases, variable
transformations can be applied as corrective measures, whose knowledge represents a scientific gap in
forest science. This study aimed to evaluate data transformation strategies in linear regression models to
predict total forest biomass and its components. Data for fitting linear regression models were sampled in
native stands of Mimosa scrabella in Southern Brazil. Trees were sampled to determine the mass of stem,
branch, leaf, bark, and root components. Data transformations were assessed to fit biomass with the
diameter as a predictor. Models that simultaneously satisfied the residual normality and homoscedasticity
assumptions were statistically evaluated. Modeling of total biomass and its components resulted in
improved accuracy by applying variable transformations. The Root-Root transformation was indicated for
predicting total and stem biomass. In addition, Log-Log transformation was recommended for estimating
branch and bark biomass, as well as Manly for leaf biomass and Dual power for root biomass.
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Resumo

Na regressdo linear, as suposi¢des de normalidade residual e homocedasticidade devem ser satisfeitas
para corretas inferéncias estatisticas, as quais sdo comumente ignoradas na modelagem da biomassa
florestal. Nesses casos, as transformacgdes de variaveis podem ser aplicadas como medidas corretivas,
cujo conhecimento representa uma lacuna cientifica na ciéncia florestal. Este estudo teve como objetivo
avaliar estratégias de transformacdo de dados em modelos de regressao linear para predizer a biomassa
florestal total e seus componentes. Os dados para ajuste de modelos de regressao linear foram
amostrados em povoamentos nativos de Mimosa scrabello no Sul do Brasil. Foi realizada uma
amostragem de arvores para determinar a massa dos componentes fuste, galhos, folhas, cascas e raizes.
As transformacdes de dados foram avaliadas no ajuste da biomassa, tendo o diametro como preditor.
Os modelos que atenderam simultaneamente as suposi¢cdes de normalidade residual e
homocedasticidade foram avaliados estatisticamente. A modelagem da biomassa total e seus
componentes resultou em maior precisdo por meio da aplicagdo de transformacdes de varidveis. A
transformac¢do Raiz-Raiz foi indicada para predizer as biomassas total e do fuste. Além disso, a
transformacdo Log-Log foi recomendada para estimar as biomassas dos galhos e das cascas, bem como
Manly para a biomassa das folhas e Dual power para a biomassa radicular.

Palavras-chave: Alometria; Floresta nativa; Suposi¢Oes estatisticas; Homoscedasticidade; Normalidade
residual.
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Variable transformation strategies in forest biomass modeling

INTRODUCTION

Linear regression is widely applied in forest mensuration for its practicality and easy
interpretation, which is essential in allometric variable prediction, such as forest biomass and
its components (Brown et al., 1989; Lima et al., 2012; Behling et al., 2018, 2019). Parametric
analysis techniques require statistical assumptions about the necessary data. In this context,
it is emphasized that the normal distribution of residues and the homoscedasticity are
essential for regression modeling (Fox, 2016).

For its application in quantifying carbon in the climate change context (He et al., 2021;
Huang et al., 2021; Li et al., 2022; Raiho et al., 2022), correct inferences in biomass predictions
are essential in forest modeling. Despite its importance, statistical assumptions are commonly
ignored, as noted by Cysneiros et al. (2020). The lack of attention to correct statistical inference
is often observed in recent publications about the application of biomass equations
(Mate et al., 2014; Anitha et al., 2015; Brahma et al., 2021; David et al., 2022).

Variables transformations can be applied when linear regression assumptions are not
satisfied (Long & Ervin, 2000; Alexopoulos, 2010; Weisberg, 2014). These data transformations
change the variable values by adding constants, raising to a power, converting to logarithmic
scales, taking square root, as well as other methods (Box & Cox, 1964; Osborne, 2002; Rojas-
Perilla, 2018; Medina etal., 2019). However, transformations are often applied without
considering their theoretical and mathematical aspects, which result in a lack of information
for allometric modeling (Eastaugh & Hasenauer, 2011; Monness, 2011; Fayolle et al., 2018).

By employing appropriate transformations on the variables, it becomes possible to fit
statistically rigorous models that satisfy the assumptions of linear regression, providing
accurate statistical inferences (Casella & Berger, 2002; Liu, 2011) on total biomass and its
components. This property allows us to infer that the accuracy and efficiency of sample
modeling are valid for biomass stock prediction in population inventories of native forest
species for management and conservation efforts.

Therefore, this study aimed to evaluate data transformation strategies in linear
regression models to predict total forest biomass and its components. Based on the results,
we expect to recommend the most appropriate transformations that satisfy the residual
normality and homoscedasticity assumptions for correct inferences in allometric modeling.

MATERIAL AND METHODS

DATABASE

Data were collected in four native stands of Mimosa scrabella Benth. located in the
metropolitan region of Curitiba, Parana State, Brazil (Figure 1). This species is characterized as a
pioneer, fast-growing, frost-resistant, and used as firewood and charcoal (Urbano et al., 2021), with
economic and ecological importance in southern mixed forests. The climate of the region is Cfb-
Koppen, with hot and rainy summers, cold winters with occasional dry periods, an average annual
temperature of 17°C, and average annual rainfall between 1,400 and 1,600 mm (Souza et al., 2014).

50°0'0"W 49°30'0"W 49°0'0"W 48°30'0"W
1 1

Y S
M

Metropolitan region
of Curitiba

25°30'0™

Parana State -
Brazil

26°0'0"

Figure 1. Location map of four Mimosa scrabella native stands sampled in the metropolitan region of
Curitiba, Parana State, Brazil.
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A sampling of 30 trees was carried out to measure the diameters at 1.3 m above ground
(d) and determine the mass of stem, branch, leaf, bark, and root components (Figure 2). For
stems, a cross-sectional wood sample was collected at mid-height. For branches, leaf, bark,
and root, random samples of 1 kg were obtained for each component. Samples were dried in
an oven at 65 + 5°C to constant mass. The biomass of branch, leaf, bark, and root was
calculated according to Equation 1.
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where w, is the dry biomass of component (kg), mu, is the total wet mass of component (kg),
ms, is the dry mass of component sample (kg), and mu, is the wet mass of component sample
(kg).

Basic wood density (p) was considered for stem biomass, which was determined by the
ratio between dry mass and transversal section volume of stem samples. Based on the
sampled average basic density () and stem volumes (v), stem biomass was calculated using
Equation 2. The total biomass (w,) was obtained by the sum of component biomass stocks.

Wstem = P-V (2)

where wg.n, is the dry stem biomass (kg), g is the average basic wood density (kg m™3), and v is
the stem volume (m=3).
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Figure 2. Summary of tree variables sampled for modeling total biomass and its components.

VARIABLE TRANSFORMATION METHODS

Transformation strategies were applied to fit the biomass as a function of diameter
(Table 1). In the strategies in which a lambda parameter (1) was estimated using maximum
likelihood estimation, transformations were applied to the biomass variables. For strategies
in which it was not required to estimate 4, the transformation procedure was performed for
biomass variable or simultaneously for biomass and diameter variables. Therefore, in addition
to the non-transformation, 15 strategies were fitted by R program, version 4.0.5 (R Core Team,
2021), using trafo package, version 1.0.1 (Medina et al., 2019).

Y is the response variable (total biomass and its components), X is the predictor variable
(diameter at 1.3 m above ground), B; is the regression coefficient, 4 is the transformation
parameter, and Y’ is the transformed response variable.
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Table 1. Summary of variables transformation strategies applied for modeling total biomass and its components.

Strategy Model Retransformation
Non-transformation Y=F+ /X not applied
Log log(y) = Bo + ArX Y=e¥
Reciprocal 1_ Bo + X Y= 1
y — Po 1 - ryl
Yt -1 . L1
Box-Cox 1 Bo+ X ifA#0 [y =Y +, DI ifA#0
log(Y) =By +p1X if1=0 Y=eY ifA=0
Y — log(AY) + 1
Manly : 1 1=ﬁo+31x ifA#0 y=% if1+0
Y =P+ pX ifA=0 Yy=1vy' ifA=0
A _
ickelDoksum  WISEBIINZL_ 5 4 xc ip250 +lsign()(AY + DI
(Y+n*-1 . 1
3 —hthX if1£0Y=20 Y=QY' +1DI-1 if1#0,Y=0
Yeo-Johnson { 1109(y:/11) 1=ﬂ0 +B/X  ifA=0Y=0 Y=eY ) ifA=0,Y=0
l%zﬁﬁ&x FA£2,Y<0 l1—[—y(2—/1)+1]m ifA%£27<0
—log(l—Y) =fo+BX ifA=2Y<0 —eV+1 ifr=2Y<0
Glog log (Y + U7 +1) = o + BiX y=-L-C]
e
({yl — y_A) = + B, X ifA#0 2q12 ’ % ;
Dual power f‘ﬁo px i Y=|1+2Y7+2Y| ifa=0
log(Y) =By + /X ifA=0 y=e¥ 1= 0
( |i-0y+ni
Y+ JYP2+D -1 _ : -—== 2| ifa=o0
G power {f BotprX 1fA %0 ! 20y + 1)%
log(Y + Y2+ 1) =By +pX ifr=0 l (1-e¥%) _
B ifA=0
Log shift log(y +2) = o + B X Yy=e¥ -2
Shifted square root JUF2=8+BX Y=(Y?-2)
Log-Log log(Y) = Bo + Bilog(X) y=e¥
Reciprocal- 1 1 1
Reciprocal ﬂ_ﬂ""'ﬁlf Y =y
Root-Root ﬁ =By + BV Y= y»
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The logarithmic scale is one of the most used transformations in models with non-normal
residual distribution and heteroscedasticity (Feng et al., 2014). It was applied to the biomass
variables (Log) and, simultaneously, to the biomass and diameter variables (Log-Log). The
reciprocal transformation is useful for data with negative asymmetry (Medina et al., 2019) and
was equally applied to the biomass variables and the biomass and diameter variables.

The Box-Cox strategy (Box & Cox, 1964) is one method of potential transformation, which
applies a transformation parameter (1) to the variable values. The parameter 1 is iteratively
estimated by maximum likelihood estimation (Fischer, 2016). The Manly transformation
(Manly, 1976) was proposed for distributions with negative values as an alternative to the gaps
of Box-Cox, becoming effective in converting unimodal distributions in almost symmetric ones
(Chortirat et al., 2011).

The Bickel-Doksum power transformation (Bickel & Doksum, 1981) was designed for data with
leptokurtic and platykurtic distributions (Medina et al., 2019). The Yeo-Johnson transformation was
proposed to fit asymmetric distributions to normality, whether in positive or negative datasets (Yeo
& Johnson, 2000). Durbinetal. (2002) proposed the Glog, also called generalized logarithm
transformation, for normalizing and stabilizing variances of values close to zero.
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Dual power was proposed by Yang (2006) due to the limitation of Box-Cox parameter 2,
which does not transform the data to A = 1, allowing to transform the data for any A value. In
addition, Kelmansky & Ricci (2017) proposed the G power as an extension of Glog for negative
values and heavy-tailed distributions.

Log shiftis an extension of Log strategy by adding a transformation parameter A. This strategy
is useful for correcting non-normality (Fengetal.,, 2016; Rojas-Perilla, 2018) by transforming
asymmetric and log-normal distributions in symmetric ones. Also mentioned is its usefulness for
data with excessive asymmetry, heteroscedasticity, and outlier observations (Feng et al., 2016).

The Shifted square root was proposed as an extension of the traditional square root, in
which a parameter A is estimated (Rojas-Perilla, 2018; Medina et al., 2019). The Root-Root
transformation is a strategy used for stabilization of variances (Medina et al., 2019), since it is
commonly applied for right-skewed distributions and recommended for data with extremely
small values (Rojas-Perilla, 2018).

STATISTICAL EVALUATION OF REGRESSION MODELS

Exploratory analyses were carried out for the databases, using histograms, scatter plots,
and Pearson linear correlation. In addition, linear regression coefficients ([3;) were estimated by
ordinary least squares, in which the standard errors in percentage (SEB;%) and the significance
of fitted coefficients were evaluated at the 5% probability level by the t-test. The statistical criteria
of adjusted coefficient of determination (R?,q), standard error of the estimate in percentage
(SEE%), Bayesian Information Criterion (BIC), and the dispersion of observed by estimated values
were reported for the best models with retransformed variables.

Quantile-quantile plots, in association with the Lilliefors test (Lilliefors, 1967) at 5%
probability level, were used to examine the residual distribution to normality distribution by
means of the transformation strategies. The dispersion of studentized residuals, in
combination with the Breusch-Pagan test (Breusch & Pagan, 1979) at 5% probability level, were
applied to verify the homoscedasticity.

RESULTS

The diameter at 1.3 m above ground (d) and biomass components showed distributions
with positive asymmetry and linear tendency (Figure 3). Additionally, Pearson correlation
between variable d and total biomass and its components corroborated the linear association
at 5% probability level. Although there was evidence of high variability of biomass values in
the database, the correlations were greater than 0.9 for total biomass and its components.
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Figure 3. Exploratory analysis of diameter at 1.3 m above ground and total biomass and its components.
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The estimated regression coefficients (3;) were significant at 5% probability level for the
main transformation strategies (Table 2). In addition, the fitted models were statistically more
efficient with a reduction in residual standard error in percentage (SER;%) of regression
coefficients. The SEBy% reduction for intercept coefficient (o) is highlighted for total and stem
biomass with Root-Root transformations; with Log-Log for branch and bark biomass; with
Shifted square root for leaf biomass; and with Box-Cox for root biomass (Table 2).

Table 2. Regression statistics of main transformation strategies for modeling total biomass and its components.

Strategy Bo  SEB% B SEB:% A  RZ4 SEE% BIC p-Li p-BP
Total biomass (w,,.4;)
1 Non-transformation -98.6074* 8.59 16.2546* 4.17 0.952 24.35 274.18 0.249 0.007
5 Manly -43.2309* 5.63 8.6841* 227 0.969 19.59 261.13 0.188 0.142
15 Root-root -11.6437* 445 59727* 2.59 0.986 16.59 251.17 0.101 0.615
Stem biomass (w,,,)
1 Non-transformation -56.1524* 10.18 9.2715* 4,93 0.934 28.75 250.59 0.291 0.003
4 Box-Cox -3.7330* 12.62 1.0640* 3.54 0.439 0.965 26.85 246.48 0.995 0.063
15 Root-root -9.0584* 6.27 4.5774*  3.71 0.962 24.12 240.05 0.958 0.374
Branch biomass (wy,.qncn)
1 Non-transformation -18.1727* 15.15 2.9189* 7.55 0.857 45.50 206.78 0.012 0.001
2 Log -0.7567* 23.74 0.2343* 6.15 0.901 73.06 235.19 0.171 0.961
13 Log-Log -4.4179*  6.52  2.7340* 4.48 0.945 38.82 197.25 0.512 0.452
Leaf biomass (w;.,y)
1 Non-transformation -1.4353* 29.82 0.3806* 9.01 0.809 36.37 95.09 0.044 0.006
5 Manly -0.3369* 68.36 0.2088* 8.86 -0.161 0.813 34.71 9230 0.225 0.443

12 Shifted square root 0.7528* 14.00 0.0947* 887 0.790 0.812 35.13 93.01 0.121 0.260
Bark biomass (W, +)

1 Non-transformation -6.9853* 13.95 1.1523* 6.77 0.882 39.51 144.48 0.308 0.001

7 Yeo-Johnson -0.6177* 20.42 0.2105* 4.79 0.143 0.937 35.34 137.78 0.124 0.259

13 Log-Log -4.8551* 6,99 2.5630* 5.63 0.916 33.06 133.79 0.324 0.159
Root biomass (w,.,,)

1 Non-transformation -15.8604* 13.04 2.5311* 6.54 0.889 39.74 189.61 0.478 0.001

4 Box-Cox -1.8668* 7.79 0.4130* 2.81 0.290 0.978 23.14 157.17 0.591 0.236

9 Dual power -1.4523* 8.63 0.3342* 299 0.427 0975 22.99 156.78 0.885 0.425

Bi is the regression coefficient, * is significant at the 5% probability level, SEBi% is the percentage standard error of

regression coefficients, A is the transformation parameter, R2q. is the adjusted coefficient of determination, SEE% is
the standard error of the estimate in percentage, BIC is the Bayesian Information Criterion, p-Li is the p-value of Lilliefors
test, and p-BP is the p-value of Breusch-Pagan test.

The Manly transformations for total and leaf biomass, as well as Box-Cox for stem and
root biomass, were the most effective in reducing the residual standard error in percentage
(SEB1%) of the angular coefficient (B,). Additionally, Log-Log for branch biomass and Yeo-
Johnson strategies for bark biomass resulted in a decrease in SE31% (Table 2).

The transformations of variables resulted in models with higher adjusted coefficients of
determination (R?%q) and lower values of standard error of estimate (SEE%) and Bayesian
Information Criterion (BIC). In addition, the non-transformation strategy did not result in
biomass models with homoscedasticity by Breusch-Pagan test (p-BP), as well as residual
normality by Lilliefors test (p-Li) for branch and leaf biomass (Table 2), both at the 5%
probability level. Therefore, the inferences from these models are not considered to be
statistically reliable.

The best statistics are highlighted for models with Root-Root transformation for total and
stem biomass, Log-Log for branch and bark biomass, Manly for leaf biomass, and Dual power
for root biomass (Table 2). In addition, these models resulted in homoscedasticity (p-BP) and
residual normality (p-Li) at the 5% of probability level.
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The observed biomass data showed linearized dispersion by transformations, when
compared to their predicted values (Figure 4). This feature had a positive influence on the
statistical performance of fitted models. Additionally, lowest dispersions were noted with
Root-Root transformations for total (wy,.y;) and stem (wy,.,,) biomass, while higher dispersion
resulted from leaf biomass (W), in which this non-woody biomass component has a lower
correlation with diameter.

Observed Wy, (kg) Observed Wi (kg) Observed Wyranen (kg) Observed Wger, (kg) Observed Wiy (kg)

Observed W;qo: (kg)

Figure 4. Scatter (left), quantile-quantile (middle), and studentized residual (right) plots of best
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transformation strategies for modeling total biomass and its components.

The quantile-quantile plots corroborated the results of Lilliefors test (Table 2), showing the
presence of normally distributed residuals, evidenced by the lack of extreme quantiles in tail

distributions (Figure 4). Otherwise, the studentized residuals showed balanced dispersions.
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DISCUSSION

Modeling the relationship between variables is critical for predictions involving linear
regression (Long & Ervin, 2000; Pretzsch, 2009; Weisberg, 2014; Dunn & Smyth, 2018).
Therefore, itis highlighted that the variable transformations can be used to solve the statistical
misspecification in allometric models (Porté & Bartelink, 2002; Pretzsch, 2009). Therefore, the
transformation strategies in the present study provided accurate fits with correct statistical
inferences for predicting total biomass and its components (Table 2).

Variable transformation strategies showed statistics improvements for fitting total
biomass and its components (Table 2 and Figure 4), mainly from satisfying residual normality
and homoscedasticity. It is emphasized that statistically incorrect allometric models were
published, related to the lack of normally distributed residuals and the presence of
heteroscedasticity, as highlighted by Cysneiros et al. (2020). Therefore, Sileshi (2014) related
these models to common statistical problems, such as unreliable regression coefficient
estimations. The data transformations proposed in this study provided a solution to satisfy
these regression assumptions.

In the present study, modeling of total biomass and its components with the diameter at
1.3 m as a predictor resulted in improved accuracy applying variable transformations (Table 2).
The presence of a strong linear association between the response variables and diameter may
have contributed to the success of transformation strategies. These statistical considerations
allow the conclusion that simple models based on a single predictor can be applied to estimate
allometric variables (Picard et al., 2015; Forrester et al., 2017; Santos et al., 2020). However, in
general, native forest inventories only provide access to the diameter variable, making it the
most commonly available measure (Vibrans et al., 2015; Roik et al., 2018).

In addition, for biomass modeling with variable transformation, in which only the residual
normality is satisfied, other strategies can be combined to ensure homoscedasticity. Since the
estimates of regression coefficients are directly influenced by heteroscedasticity, this issue has
been widely discussed in the literature, highlighting the heteroscedasticity-consistent
covariance matrix (Long & Ervin, 2000), weighted least squares (Zea-Camafio et al., 2020;
Coutinho et al., 2021), data mining (Sanquetta et al., 2015; Debastianietal., 2019) and
generalized linear modeling (Fox, 2016; Dunn & Smyth, 2018).

Since heteroscedasticity is commonly observed in forest biomass modeling (Dutca et al.,
2022), the weighted linear regression would become a feasible alternative as a support to
biomass variable transformations present in this study. Some authors have proposed
weighting functions for heteroscedastic biomass models, mainly applying the inverse of the
predictor variable by a power (Picard et al., 2012; McRoberts & Westfall, 2014; Kralicek et al.,
2017). From this perspective, the knowledge of data transformations showed in this study
represents an advance in forest biomass modeling and carbon assessments, considering the
high costs and operational difficulties that limit sampling of tree biomass.

The data variability in native forest inventories can influence the accuracy of biomass
estimations (Li et al.,, 2019; Liepins et al., 2022). In this context, variable transformation, as
applied in the present study, can enhance the quality of predictive fit. In addition, variable
transformation can also improve models for projecting biomass growth and yield in planted
forests, such as Eucalyptus and Pinus plantations, in which high estimation errors are common
(Schikowski et al., 2013; Hall et al., 2020). This assumption is essential, as biomass shows
typical characteristics of a biological variable over time (Eloy et al., 2018; Repo et al., 2021). The
temporal biomass dynamics may influence the correlation of biomass production with
predictor variables (Dean & Cao, 2003; Saglam & Sakici, 2023), for which different
transformation methods can be applied to enhance predictions.

In this study, we observed the difficulty of developing more accurate models for biomass
components, such as branch, leaf, and bark, primarily due to the absence of distinct predictor
variables beyond the diameter above the ground. While variable transformations certainly
enhance the accuracy of models, the incorporation of crown dimensions can significantly
improve the quality of estimates (Goodmanetal., 2014), particularly for non-woody
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components such as leaf biomass (Djomo & Chimi, 2017; Timilsina et al., 2017). Additional
variables, like wood density, hold the potential to function as predictors, further enhancing
the overall model quality for estimating total biomass and its constituent components
(Guangyi et al., 2017; Romero et al., 2022).

CONCLUSIONS

Based on results of the present study, variable transformations are recommended when at
least one of the assumptions of residual normality and homoscedasticity has not been satisfied
in linear modeling of forest biomass. Root-Root transformation is indicated for predicting total
and stem biomass. In addition, Log-Log transformation is recommended for estimating branch
and bark biomass, as well as Manly for leaf biomass and Dual power for root biomass.
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