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Abstract 
Vegetation sampling is a fundamental practice in ecological research, often quantified by estimating species 

cover. This process typically involves transforming the data to account for the presence of common and rare 

species, as well as zeros in the dataset, which can significantly influence the analysis results. The subsequent 

analysis of these datasets aims to elucidate community patterns and dynamics within various ecosystems. 

However, the optimal transformation method for multivariate analysis remains a subject of ongoing debate 

among ecologists, as different transformation techniques can yield varying interpretations of ecological data. In 

this study, we aimed to evaluate the effects of different data transformations on the results of detrended 

correspondence analysis (DCA), specifically within oak forests (Quercus brantii Lindl.) located in the Zagros 

region of Iran. This region is characterized by its unique biodiversity and ecological significance, making it an 

ideal setting for such investigations. To achieve our objectives, we selected three distinct forest patches 

characterized by similar slopes and altitudes, ensuring that environmental variables were controlled. Vegetation 

sampling was conducted at five specific distances—0, 25, 50, 100, and 150 meters—along three transects that 

were spaced 200 meters apart from each other. This systematic approach allowed us to obtain a comprehensive 

representation of species distribution across the forest patches. We utilized the Braun-Blanquet cover percentage 

and the van der Maarel scale to prepare our datasets, ensuring consistency and reliability in our measurements. 

Each dataset underwent various transformations, including log, square root, and general relativization 

transformations. Subsequently, we applied DCA to each transformed dataset and compared the resulting 

ordination outcomes through Procrustes analysis, a method that quantifies the similarity between two datasets. 

The findings revealed that both log-transformed and square-root transformed datasets significantly enhanced the 

DCA results by effectively decreasing the variation present in the dataset. Procrustes analysis demonstrated that 

the concordance between the log-transformed and square-root transformed datasets and the raw data was 

significantly higher than that of the other transformations evaluated. Importantly, our results indicated that 

general relativization transformations were unsuitable for DCA analysis, as they did not adequately represent the 

underlying ecological relationships. Consequently, we recommend performing data transformations, particularly 

log or square root transformations, prior to conducting ordination analyses. This approach will not only enhance 

the reliability of the results but also facilitate more accurate ecological interpretations, ultimately contributing to 

a deeper understanding of community dynamics in forest ecosystems. 

Keywords: General relativization, log transformation, Procrustes analysis, Square root, Zagros forests. 

 

1. Introduction 
Understanding vegetation structure and 

composition, through identification and 

description of the plant communities and their 

relation to the environment is a crucial step (Al 

Harthy & Grenyer, 2019) that  affects 

conservation and management planning (Kent 

et al., 2012). Community ecologists seek to 

assess the complex abiotic and biotic 

relationships within ecosystems (Chahouki, 

2013). They have applied multivariate 

approaches for understanding community data 

(McCune & Grace, 2002).  

The structure of data has a considerable 
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effect on the output of multivariate analysis 

(McCune & Grace, 2002; Roberts, 2008; 

Lengyel & Podani, 2015). Vegetation 

community data sets consist of many zeros, 

which mostly affects dominant species 

(Legendre & Bocard, 2018). Thus,  preparation 

of data before multivariate analysis is 

important (Jackson, 1993; Tukey, 1977; Zuur 

et al., 2010; Legendre & Bocard, 2018). Data 

transformation is the application of a 

mathematical treatment to convert data from 

one format to another (McCune & Grace, 

2002); you get the data in exactly the form you 

need (Wickham & Grolemud, 2016). A 

vegetation ecologist may apply data 

transformation before performing  multivariate 

analysis. Reasons for data transformation 

include improving the normality of the data 

(reducing the skewness of species data and 

decreasing zeros), increasing variation, and 

changing the weight of species or samples 

(McCune & Grace, 2002; Legendre & Bocard, 

2018). 

Data transformation means applying a 

linear or non-linear function to the data. It 

commonly includes logarithmic, square-root, 

and relativization (McCune & Grace, 2002). 

The selection of a suitable data transformation 

is essential (Tukey, 1977; Legendre & Bocard, 

2018). However, most scientific articles do not 

discuss it (Roberts, 2008; Legendre & Borcard 

2018). Lengyel et al. (2018) evaluated the 

effects of data transformation on the stability 

of clustering, and their results showed that, 

with changing the data transformation, 

classification stability was considerably 

changed. Legendre & Bocard (2018) evaluate 

the box-cox transformation for community 

composition data. Lengyel et al. (2018) studied 

optimal cluster number and varying scale of 

transformation power to reach stable 

classification. Tichy et al. (2020) assessed the 

optimal transformation of species cover using 

various transformations (power transformation, 

logarithmic transformation, and pseudo-species 

cut level) and applied  a flexible-beta 

clustering algorithm. They recommended 

power transformation with exponent. 0.5 for 

unsupervised classification. Probably the most 

commonly used transformations for percentage 

cover are logarithmic (Dooley & Collinus, 

1984; Gartner & Reif, 2004; Hardtle et al., 

2006) and square-root (Molder et al., 2008), 

but other transformations are also applied 

(Tichy et al., 2020). Since then, it is 

recommended that the percentage cover values 

be transformed prior to calculation (Legendre 

& Legendre, 2012; milauer & Lep, 2014; 

Wildi, 2017).  
Ordination is a multivariate technique 

(McCune & Grace, 2002) which  is most often 

used in ecology to explore and explain the 

hidden patterns of structure and to visualize the 

gradient of vascular plant species composi­tion 

(Legendre & Legendre, 1998; McCune & 

Grace, 2002; García-Mijangos et al., 2021). 

Ordination methods have been widely used in 

plant community analysis (e.g., Xiaping et al., 

2006; Ahmad & Yasmain, 2011; Khan & 

Hussain, 2013; Garca-Mijangos et al., 2021; 

Golizadeh et al., 2020). The ordination 

techniques are divided between indirect and 

direct gradient analysis (Gauch, 1982): Indirect 

gradient analysis utilizes only the species by 

sample matrix, essentially asking the species 

what the most important gradients are (Gauch, 

1982). DCA and NMDS are the two most 

popular methods for indirect gradient analysis. 

DCA is based on an underlying model of 

species distributions, the unimodal model, 

while NMDS is not (McCune & Grace, 2002). 

Also Detrended correspondence analysis 

(DCA) is  one of the most commonly used 

ordination methods which is a development of 

reciprocal averaging (= correspondence 

analysis) that avoids its two major 

disadvantages. Several studies have applied 

DCA (e.g., Diekmann et al., 1999; Schuman et 

al., 2003; Uotila & Kouki, 2005; Hardtle et al., 

2005; Husain & Malk, 2006; Ruokolainen & 

Salo, 2006; Hardtle et al., 2006; Xianping et 

al., 2006; Molder et al., 2008; Super et al., 

2013; Gulshan et al., 2014; Golizadeh et al., 

2020; For example, Diekmann et al. (1999) 

assessed beech (Fagus sylvatica) forest 

communities in the Nordic countries by 

multivariate analysis. In order to standardize 

the data so that all data from the sample plots 

became comparable, all abundance values were 

transformed to a presence/absence scale.  

Despite  multiple attempts to transform 

vegetation datasets; the optimal data 

transformations for ordination methods are 

unclear. In this paper, we aim to assess the 

effect of commonly used data transformations 

in a vegetation dataset on the DCA method, 

one of the superior indirect ordination 

methods, and compare DCA results based on 
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log transformations, square root 

transformations, and general relativization 

transformations on raw data and rescaled 

datasets to increase our robust understanding of 

plant communities. 

1.1. Materials and methodsStudy Area 

The research area is located in the Zagros 

forests in Kermanshah province (Iran) between 

34° 09′ and 34° 14′ N and 46° 39′ and 46° 49′ 

E. Three oak (Quercus brantii Lindl.) patches, 

located on southern aspect, with similar slope 

and elevation conditions were selected. The 

mean annual temperature is 15°C, and mean 

annual rainfall is 500 mm (Eshaghi Rad et al., 

2017). 

1.2. Floristic sampling 

This study was conducted in Cheharzebar 

Forests, Kermanshah. Vegetation sampling in 

each of the three stands was performed at 

distances of  0, 25, 50, 100, and 150 m along 

three transects placed 200 m apart (45 

sampling points in total). For vegetation data 

collection, at each sampling point, two 400 m2 

(20 × 20 m) plots were designed for tree and 

shrub layers and five 0.25 m2 (0.5 × 0.5 m) 

plots were implemented for herbaceous 

vegetation which were located orthogonally to 

the left and right of the transect. In each plot, 

all species were identified, and their percent 

cover and abundance of all species were 

estimated separately using the Braun-Blanquet 

scale (Ellenberg, 1974). 

1.3. Data analysis 

We tested the influence of cover 

transformation on vegetation ordination. The 

dataset consisted of 45 plots and 130 species. 

Two data matrices were derived from the same 

dataset  for  preparation. The first matrix 

included the Braun-Blanquet cover percentage, 

and the second matrix was rescaled with the 

van der Maarel scaling method (van der 

Maarel, 1979). There are  multiple approaches 

to transforming a dataset. Transformed with 

log, square root and general relativization 

transformations are the most commonly used. 

We applied the data transformations on the 

Braun-Blanquet cover percentage data and van 

der Maarel scaling. Each data type was subject 

to  three data transforms. In total, eight data 

matrices were prepared for this study that each 

one referred to  as a dataset. 

Before processing began, we assessed the 

gradient length of the raw dataset. The results 

indicated that dataset exhibited a compositional 

turnover > 1.5 standard deviations (Ter Braak 

& Prentice, 1988). Therefore, detrended 

correspondence analysis (DCA) was more 

suitable method to employ for the dataset. 

Based on the Kaiser-Guttman and Broken Stick 

criteria, principal component analysis and 

correspondence analysis were not used for the 

dataset (Froniter, 1976; Guttman, 1954). Then 

DCA was applied to all data sets (Hill & 

Gauch, 1980). The effect of data 

transformation is assessed using total variance 

(Legendre and Gallagher, 2001), eigenvalue of 

ordination axes (Diekmann et al., 1999) and 

length of gradient (Ter Braak & Prentice, 

1988) to determine whether data 

transformation reduced  variation within  the 

dataset. Finally, the results of DCA analysis on 

different datasets were compared by Procrustes 

analysis. The details of all methods used were 

explained further below.  

1.4. Data transformation 

- Logarithmic transformation: This 

compresses high values and spreads low values 

by expressing the values as orders of 

magnitude. Log transformation is often useful 

when there is a high degree of variation within 

variables or samples, and generally, it is useful 

for many types of environmental and habitat 

datasets (McCune & Grace, 2002). However, it 

is not recommended for count data (O’Hara & 

Kotze, 2010), 

Square-root transformation: converts data 

with a Poisson distribution into a normal 

distribution (Tabachnick, 2007). This 

transformation is similar to the log 

transformation. However, it is less drastic than 

a log transformation and it does not require 

special treatment with zeros. 

- General relativization: rescales individual 

rows (or columns) in relation to some criterion 

based on the other rows (or columns) 

Relativization is an extremely important tool that 

all ecologist should understand multivariate 

statistics (McCune & Grace, 2002).   

1.5. DCA 

DCA is a commonly used method in 

vegetation analysis that is used to find patterns 

within vegetation community datasets. This 

ordination method belongs to the unimodal 
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ordination methods based on correspondence 

analysis. DCA is an eigenvector ordination 

technique based on reciprocal averaging, but its 

performance has improved since the arch and 

compress effects are eliminated in this ordination 

method (McCune & Grace, 2002). Ordination 

analysis was conducted using PC-ORD software 

Version 4 (McCune & Mefford, 1999). 

1.6. Procrustes analysis  

This technique involves the comparison of 

two or more ordinations (Jackson, 1995). The 

degree of concordance between ordinations is 

estimated using a rotational-fit algorithm 

(Minchin, 1987; Legendre & Legendre, 1998). 

This widely used technique calculates the 

correlation between two ordinations, assesses 

statistical significance (Gower, 1971; Jackson, 

1991), and minimizes the sum of squares 

between the two ordinations (Peres-Neto & 

Jackson, 2001). Low Procrustes residuals 

(m12) indicate that the two ordinations have 

strong congruence (Levis et al., 2014). 

Statistical analyses were carried out using R 

software and the vegan package version 

3.1.0.  (Oksanen et al., 2013).  

2. Results 
2.1. Ordination results 

Table 1  presents the eigenvalues, total 

variation, and gradient lengths on axes one and 

two of DCA based on the different datasets in 

terms of cover percentage value. In the raw 

dataset, the eigenvalues of the first axis were 

0.25, and the eigenvalue of the second axis was 

0.12. However, the values of  the first axis of 

the square-root  and log transformations were  

lower than those of the raw dataset, whereas 

the values for general relativization were 

higher than the raw dataset eigenvalue. The 

total variation explained by the raw dataset was  

2.54; the value of total variation in square-root 

and log transformations were less than in the 

raw data set but increased in the general 

relativization transformation. The gradient 

lengths in the square-root and log transformed 

data were  shorter than those of the raw dataset. 

However, all three DCA statistics increased 

with general relativization. The eigenvalues for 

DCA axis two were identical  for square-root 

and log transformed datasets. 

Results of the DCA ordination of the data 

sets that were rescaled using the van der 

Maarel scaling method are presented in Table 

2. The results indicate that the eigenvalues for 

the first axis of the raw dataset were 2.75. The 

eigenvalues for the first axis in the square-root 

and and log-transformed datasets were 0.23 

and 0.24 (i.e., less than the raw data set 

eigenvalue). The eigenvalue of the general 

relativization transformation data set was 0.42. 

The total variation in DCA decreased with log 

and square-root transformations but increased 

with the general relativization transformation. 

The length of the gradient in the general 

relativization transformation dataset was the 

highest among other datasets. 

2.2. Procrustes analysis 

A permutation test (PROTEST) indicated a 

relatively strong correlation between the log-

transformed data and the raw data with a p-

value of 0.001 (Tables 3 and 4). The residuals 

(arrows in Figures 1 and 2) represent the 

degree of congruence between the ordination 

results of the two data sets based on the sample 

scores. Low Procrustean residuals were 

observed  in several datasets (e.g., log and 

square-root transformed). The poorest 

correspondence (Procrustes residuals >0.6) was 

observed between the raw data sets and general 

relativization in van der Maarel rescaled data. 

Additionally, the log-transformed data and the 

general relativisation had the lowest 

correlation. M12 indicates the similarity 

between two datasets in the protest analysis. If 

M12 is less than 0.6, the similarity between two 

datasets is considered high. Furthermore, the 

results of comparisons between the original 

dataset and other data transformations, as well 

as those the van der Maarel rescaled dataset 

and  other  transformations, were similar 

(Figures 1 and 2) 

Table 1. Results of DCA ordination with different data types (original data) 

Data type 
Total explained 

variation 

Length of gradient (standard 

deviation units) 

Eigenvalue 

Axis 1 Axis 2 

Raw data 2.54 2.33 0.25 0.12 

Square-root 2.41 2.04 0.24 0.13 

Log(x+1) 2.48 2.15 0.23 0.13 

General relativization 4.47 2.97 0.38 0.25 
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Table 2. Results of DCA ordination with different data types (using ordinal scale of van der Maarel) 

Data type 
Total 

variation 

Length of gradient (standard 

deviation units) 

Eigenvalue 

Axis 1 Axis 2 

Raw data 2.90 2.75 0.26 0.18 

Square root 2.49 2.18 0.23 0.13 

Log(x+1) 2.60 2.29 0.24 0.13 

General relativization 6.51 3.84 0.42 0.30 

Table 3. Correlation and M12 between different data types used in DCA (original data) 

Data type p-value 12M r 
Raw data * square root data *0.001 0.28 0.85 

Raw data * log data *0.001 0.15 0.92 
Raw data * general relativization  *0.001 0.17 0.91 

* Significant at the 0.05 level. 

Table 4. Correlation and M12 between different data types used in DCA (ordinal scale of van der Maarel) 

Data type p-value 12M r 
Raw data * square root data *0.001 0.20 0.89 

Raw data * log data *0.001 0.20 0.89 
Raw data * general relativization  *0.001 0.69 0.56 

* Significant at the 0.05 level. 

a) b) 

  
c) 

 
Figure 1. Configuration obtained from pairwise Procrustean rotation between four two-dimensional ordination solutions. (a) 

raw dataset and square-root dataset, (b) raw dataset and log dataset, (c) raw dataset and general relativization datasets 
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a) b) 

  
c) 

 
Figure 2. Configuration obtained from pairwise Procrustes rotations between four two-dimensional ordination solutions in 

which the data have been scaled using the van der Maarel scaling method. (a) raw data-set and square-root dataset, (b) raw 

dataset and log dataset, (c) raw dataset and general relativization data 

3. Discussion 
As we know, cover values are very important 

for vegetation analyses (see also Lengyel & 

Podani, 2015; Lengyel et al., 2018). Data 

transformation is one of the most crucial 

parameters while applying multivariate 

techniques (Lengyel & Podani, 2016) and can 

reduce noise and the zero effect in a vegetation 

data set (McCune & Grace, 2002). Our results 

indicated that data transformations significantly 

improved the ordination results and were 

appropriate for community compositional data. 

This finding was in line with Legendre & 

Gallagher (2001). The present study illustrated 

that the result of the DCA was different among 

different data sets. According to the results, the 

log transformation and square root 

transformation increased DCA effectiveness 

while decreasing total variance and length of 

gradient in data set A. Also, Procrustes analysis 

indicated that the concordance between the log-

transformed dataset and the square-root-

transformed dataset as well as with the raw data 

was high. The results also confirm previous 

studies that have indicated the utility of log 

transformation is useful for community analysis; 

for example, Hill & Gauch (1980) applied log 

transformations in DCA to reduce the effect of 
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the dominant species, or Roberts (2015) used 

log transformation to achieve convex 

transformation before classification of the 

vegetation dataset. In addition, Legendre & 

Bocard (2018) suggested using log 

transformations for ecological datasets. 

The effectiveness of square-root 

transformation was similar to that of log 

transformation, but it was less drastic in 

normalizing data (McCune & Grace, 2002). As 

our results showed, square-root and log 

transformations yielded similar 

outcomes.  Moreover, Maindonald & Braun 

(2007) recommended using square root 

transformation to normalize count data. Lengyel 

et al. (2018) stated that weak power 

transformations (with the exponent close to 1) 

that preserved the differences in original 

abundance patterns, would yield a higher cluster 

number, while strong transformations (the 

exponent approaching 0) that significantly reduce 

abundance differences and identify the optimal 

number of clusters in the lower half of the cluster 

range. Legendre & Bocard (2018) pointed out 

that the square root reduces the asymmetry of 

modestly asymmetric data distributions before 

subjecting data to linear methods of analysis. 

Tichy et al. (2020) recommended using the 

square-root transformation for percentage cover 

before unsupervised classification. Also, Lengyel 

et al. (2018) found that, with power 

transformation, low exponents (near-zero) 

classifications best explained patterns of 

vegetation communities. Pakgohar et al. (2021) 

applied the Hellinger transformation to raw 

abundance data obtained by taking the square 

root and concluded that the Hellinger 

transformation can improve clustering results. 

Experience shows that data transformations 

can help achieve symmetry in ecological data, 

making there a choice between square-root and 

log transformations (Roberts, 2008). General 

relativization is useful when a Euclidean 

distance measure is used. Detrended 

correspondence analysis uses a chi-square 

distance measure, so general relativization is 

inappropriate for DCA (Roberts, 2008). The 

results indicated that using the original data or 

the van der Maarel rescaled data made no 

difference in the efficiency of DCA. 

4. Conclusions 
In the present study, after analyzing the 

results of DCA with one dataset, two scales of 

datasets and three data transformations, it was 

found that data transformations can be a useful 

tool to improve the output of analysis and 

provide reliable and repeatable results; they 

decreased the heterogeneity of the data set and 

enhanced the performance of DCA. Specially, 

square-root and log transformations were good 

choices among the assessed data 

transformations. Before using statistical 

models, researchers should be aware of the 

benefits of data transformation. We believe 

that our study shows the importance of 

selecting an appropriate data transformation 

before multivariate analyses and using the 

DCA technique. 
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 گیاهی  پوشش  مطالعات در (DCA)شدهگیریقوس تطبیقی   تحلیل بر هاداده  تبدیل  اثر

 ( کرمانشاه بلوط هایجنگل :  موردی مطالعه) 

 3علویسید جلیل  و  2شفیعی، عباس بانج *2، جواد اسحاقی راد1گهرپاک نغمه 

 دکتری، گروه جنگداری، دانشکده منابع طبیعی، دانشگاه ارومیه، ارومیه، ایران آموخته دانش1 
 طبیعی، دانشگاه ارومیه، ارومیه، ایران استاد، گروه جنگلداری، دانشکده منابع  2

 ران ی ا  ،تربیت مدرس، نور دانشگاه ،یعیدانشکده منابع طب ،ی، گروه جنگلداردانشیار3

 ( 22/07/1403:تاریخ پذیرش؛ 20/02/1401)تاریخ دریافت: 

 چکیده  
  فرآینددد   این .  شود می   انجام   ها گونه   پوشش   برآورد   با   بیشتر   که   است شناختی  بوم پژوهشهای    در   اساسی   مرحله   یک   گیاهی   پوشش   از   برداری نمونه 

  تددیریر   توانددد می   کدده   اسددت   هددا داده   مجموعه   در   صفرها   همچنین   و   نادر   و   عمومی   های گونه   حضور   گرفتن   درنظر   برای   ها داده   تبدیل   شامل   بیشتر 

  مختلدد    های اکوسیسددتم   در   جامعدده   پویددایی   و   الگوها   یافتن   هدف   ا ب   ها داده   مجموعه   این   بعدی   های تحلیل .  باشد   داشته   ها تحلیل   نتایج   بر   زیادی 

  اسددت،   بددوم شناسددان   میان   در   بحث   مورد   موضوعی   همچنان   چندمتغیره   های   تحلیل   برای   ها داده   تبدیل   بهینه   روش   حال،   این   با .  شود می   انجام 

  تددیریرا    ارزیددابی   به   مطالعه،   این   در   .باشند   داشته   همراه   به   شناختی   بوم   های داده   از   متفاوتی   تفسیرهای   توانند می   تبدیل   مختل    های روش   زیرا 

  در   واقددع  (.Quercus branti L) بلددو    هددای جنگل   در   ویژه بدده   ،  (DCA)شددده گیری قوس   تطبیقددی   تحلیل   نتایج   بر   ها داده   مختل    های تبدیل 

  چنددین   بددرای   آلی ایددده   مکددان   ، آن   اکولددوکیکی   اهمیددت   و   فددرد   بدده   منحصددر   زیسددتی   تنددو    خاطر   به   منطقه   این .  ، پرداختیم ایران   زاگرس   منطقه 

  متغیرهددای   تددا   کردیم   انتخاب   مشابه   از سطح دریا   ارتفا    و   شیب   با   مجزا   جنگلی   منطقه   سه   ، پژوهش   اهداف   به   دستیابی   برای .  است   هایی بررسی 

  200  کدده   خددن نموندده   سدده   طول   در ،  متر   150  و   100  ، 50  ، 25  ، 0  مشخص   فاصله   پنج   در   گیاهی   پوشش   از   برداری نمونه .  مشابه باشند   محیطی 

  مندداط    سراسددر   در   ها گوندده   توزیددع   از   کدداملی   نمددای   تا   داد   را   امکان   این   ما   به   سیستماتیک   رویکرد   این .  شد   انجام   داشتند،   فاصله   یکدیگر   از   متر 

  حاصل   اطمینان   و   کردیم   استفاده   ها داده   مجموعه   سازی آماده   برای   مارل   در   ون   مقیاس   و   بلانکه -براون   پوشش   درصد   از   .آوریم   دست   به   جنگلی 

  و   مربددع   ریشدده   لگدداریتمی،   تبدددیل   جمله   از   گرفت،   قرار   مختلفی   های تبدیل   تحت   داده   مجموعه   هر .  هستند   اعتماد   قابل   ها گیری اندازه   که   کردیم 

  روشددی استز،  پروکر   با روش   آمده دست به   نتایج   و   شد   اجرا   ، شده   تبدیل   داده   مجموعه   هر   برای    DCAروش   آن،   از   پس .  عمومی   نسبی   های تبدیل 

  بدده   شددده تبدیل   داده   مجموعدده   دو   هددر   کدده   داد   نشددان   ها . یافته گرفت   قرار   مقایسه   ، مورد کند می   سازی کمی   را   داده   مجموعه  دو  بین  شباهت  که 

  نتددایج روش .  بخشددیدند   بهبددود   ، داده   مجموعدده   در   موجددود   تغییددرا    مددررر   کدداهش   با   ، را  DCA نتایج   توجهی   قابل   طور به   مربع   ریشه   و   لگاریتم 

  از   بددارتر   چشددمگیری   طور بدده   خددام   هددای داده   و   مربددع   ریشدده   و   لگدداریتم   به   شده تبدیل   های داده   مجموعه   بین   خوانی هم   که   داد   نشان پروکراستز  

 بوم   روابن   نتوانستند   زیرا   بودند،   نامناسب  DCA تحلیل   برای   عمومی   نسبی   های تبدیل   که   داد   نشان   ما  نتایج .  شد ارزیابی  ها تبدیل   دیگر روشهای  

  ویژه به   ، ها   داده   تبدیل   از   ، رسته بندی   های تحلیل   انجام   از   قبل   که   کنیم می   توصیه    بنابراین، .  کنند   نمایان   خوبی به   را موجود در داده ها   شناختی 

  را   تر دقیدد    اکولددوکیکی   تفسددیر   بلکدده   بخشددد می   بهبود   را   نتایج   به   اعتماد   قابلیت   تنها   نه   رویکرد   این .  شود   استفاده   مربع   ریشه   یا   لگاریتمی   تبدیل 

 .کند می   کمک   جنگلی   های اکوسیستم   در   جامعه   پویایی   از   تری عمی    درک   به   آخر   در   و   کند می   تسهیل 

 .مربع  ریشهزاگرس،    هایجنگل  پروکراستز،  تحلیل  لگاریتمی،  تبدیل  عمومی،  نسبی  تبدیل :ی کلیدیهاواژه


