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Background. The Procrustean residual vector (or PAM, an acronym for the alternative

equivalent term Procrustean association metric) derived from Procrustes analysis can be

seen as the univariate form of relationship between two or more data tables, which

provides an interesting way for ecologists to place multivariate relationships as the central

object of investigation in more familiar statistical approaches such as ANOVA and post hoc

tests. However, many aspects need to be elucidated to make ecologists more confident in

using Procrustes in their studies going beyond the simple comparisons. We attempted to

address two questions: 1) How does the increasing number of correlated columns within

an entire data table affect the Procrustes results? 2) Can the PAM be used for detecting

how the correlation is partitioned across treatment levels within the original data table?

Methods. Question 1) two data tables, X and Y, from a previous research were used to

conduct the study. Four levels of correlation between variables (0.9, 0.7, 0.5, and 0.2)

within the X data table were imposed to an increasing number of variables (6, 9, 12, and

15) to assess their effects on Procrustes relationship and its significance. Question 2) two

simulated data tables covering four hypothetical categorical predictors (A, B, C, D) were

created varying the relationship between them regarding the treatment A (0.2, 0.5, 0.7,

0.9) in order to assess the association between Procrustes and multiple mean comparisons

method. Results. for the first question, we found that increasing the number of correlated

variables across different imposed correlation levels (0.9, 0.7, 0.5, and 0.2) in the data

table not subject to Procrustean linear transformation (translation and rotation), i.e. the X

data table, had no effects either on the classical Procrustes outcomes related to the fit

between data tables (R statistic and its P value), or on the significance of the ANOVA using

the Procrustes association metric (PAM), which summarizes the multivariate correlation

between two data tables, as the response variable. For the second question, increasing the

between correlation levels between X and Y data tables for a specific set of rows in these
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tables corresponding to a hypothetical treatment A resulted in PAMs that, when used in

mean multiple comparisons, did show this treatment A as different from all others

treatments B, C, and D from which X and Y were not related above (0.1). Discussion. Our

results support that the Procrustes fit is only dependent on the information between data

tables instead of within a data table. Finally, we showed that PAM, in fact, reflects the

differences in multivariate correlation across data tables which can be useful for ecological

questions addressing the partitioning of the multivariate correlation among different

categorical levels (e.g. plots, time, land use type, etc.).
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24 Abstract

25 Background. The Procrustean residual vector (or PAM, an acronym for the alternative 

26 equivalent term Procrustean association metric) derived from Procrustes analysis can be seen as 

27 the univariate form of relationship between two or more data tables, which provides an 

28 interesting way for ecologists to place multivariate relationships as the central object of 

29 investigation in more familiar statistical approaches such as ANOVA and post hoc tests. 

30 However, many aspects need to be elucidated to make ecologists more confident in using 

31 Procrustes in their studies going beyond the simple comparisons. We attempted to address two 

32 questions: 1) How does the increasing number of correlated columns within an entire data table 

33 affect the Procrustes results? 2) Can the PAM be used for detecting how the correlation is 

34 partitioned across treatment levels within the original data table? 

35 Methods. Question 1) two data tables, X and Y, from a previous research were used to conduct 

36 the study. Four levels of correlation between variables (0.9, 0.7, 0.5, and 0.2) within the X data 

37 table were imposed to an increasing number of variables (6, 9, 12, and 15)   to assess their effects 

38 on Procrustes relationship and its significance. Question 2) two simulated data tables covering 

39 four hypothetical categorical predictors (A, B, C, D) were created varying the relationship 

40 between them regarding the treatment A (0.2, 0.5, 0.7, 0.9) in order to assess the association 

41 between Procrustes and multiple comparison mean method.

42 Results. for the first question, we found that increasing the number of correlated variables across 

43 different imposed correlation levels (0.9, 0.7, 0.5, and 0.2) in the data table not subject to 

44 Procrustean linear transformation (translation and rotation), i.e. the X data table,  had no effects 

45 either on the classical Procrustes outcomes related to the fit between data tables (R statistic and 

46 its P value), or on the significance of the ANOVA using the Procrustes association metric 
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47 (PAM), which summarizes the multivariate correlation between two data tables, as the response 

48 variable. For the second question, increasing the between correlation levels between X and Y 

49 data tables for a specific set of rows in these tables corresponding to a hypothetical treatment A 

50 resulted in PAMs that, when used in mean multiple comparisons, did show this treatment A as 

51 different from all others treatments B, C, and D from which X and Y were not related above 

52 (0.1). 

53 Discussion. Our results support that the Procrustes fit is only dependent on the information 

54 between data tables instead of within a data table. Finally, we showed that PAM in fact reflects 

55 the differences in multivariate correlation across data tables which can be useful for ecological 

56 questions addressing the partitioning of the multivariate correlation among different categorical 

57 levels (e.g. plots, time, land use type, etc.).

58

59 Keywords: Procrustes association metric, multivariate data, correlation, ANOVA, ecology

60 Introduction

61 Analysis of Variance (ANOVA) is used as a tool to split the variability of a given 

62 outcome of interest into two basic components: 1) the variability explained by one or more 

63 categorical predictors; 2) the residual variation. In the ANOVA framework the response 

64 variables can vary in their nature, being classified as continuous or discrete, and univariate or 

65 multivariate.  The simplest univariate context of ANOVA, that is, one response and one 

66 categorical predictor is obviously easier to analyze than the multivariate context; however for 

67 ecologists the univariate world rarely exists given that most ecological questions require one to 

68 handle multiple variables. Therefore the question arises: how can ecologists fit the natural 
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69 multivariate requirement of ecological research to the simplicity of the univariate ANOVA and 

70 post hoc test frameworks? 

71 Lisboa et al. (2014b) showed how the results from Procrustes analysis (Gower, 1971), a 

72 multivariate statistical approach for correlating data tables representing sets of information 

73 coming from the same objects of study: plots, environmental gradient levels, experimental 

74 treatments, etc., could be used in downstream statistical analysis, including ANOVA and post 

75 hoc tests.  Procrustes analysis has been shown to be statistically superior in some aspects (lower 

76 Type I error and higher power) than the traditional analogue approach, the Mantel test (Peres-

77 Neto and Jackson, 2001) and one of the features that arise from Procrustes analysis is the 

78 possibility of providing the multivariate relationship among two, or more, data tables in a vector 

79 form made by residuals, the Procrustean residual vector, also named the Procrustean association 

80 metric (PAM) (Lisboa et al. 2014b). For example, assume that an ecologist wants to correlate 

81 two data tables, X and Y, the first one representing abiotic variables (climate, soil, elevation, 

82 etc.) and the second one representing a certain biological community (birds, bacteria, etc.). 

83 Moreover, assume that in X and Y all variables (columns) were measured from field plots, which 

84 represent the rows of the data tables. Procrustes analysis will find the “best” fit of homologous 

85 coordinates across the X and Y data tables by seeking to minimize of the sum of squares between 

86 corresponding coordinates in X and Y, i.e. the plots or rows of these tables. Given that the 

87 Procrustes fit is never perfect, the PAM stands for the residuals between corresponding 

88 coordinates (the plots or rows of X and Y) after the “best” fit among the tables has been found so 

89 that the lower the residual sizes in the PAM, the higher the correlations. The compilation of these 

90 residual differences between homologous rows in the X and Y data tables making up the 

91 Procrustean residual vector (PAM)  represents a useful way to summarize information on the 
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92 relationship between the two matrices and makes it available for further statistical analysis, both 

93 parametric and non-parametric (Lisboa et al., 2014b).

94  Despite the potential uses of this Procrustean feature in ecological research, the rigor of 

95 this composite framework (made up of PAM – ANOVA – Post hoc tests) has not been assessed.  

96 In particular we consider two questions: 1) How does the increasing number of correlated columns 

97 within an entire data table affect the Procrustes results? 2) Can the PAM be used for detecting how 

98 the correlation is partitioned across treatments levels within the original data table? For simplicity, 

99 the Procrustes analysis results can be divided into two sets 1) mainstream results, which take 

100 account of the correlation statistic (R) between multidimensional data tables and its significance: 

101 (P value), i.e. the Procrustes fit; and 2) downstream results, which are related to statistics provided 

102 by the analysis of the PAM in other statistical frameworks, like ANOVA, and multiple 

103 comparisons of means using, for example, Tukey’s HSD test. 

104 With respect to the first question, Dray et al. (2003) argued that the Procrustes fit, that is 

105 the mainstream results, is only influenced by the variation between matrices. Therefore, according 

106 to these authors, the variation in the number of correlated columns within a data table should not 

107 influence the mainstream results such as the R statistic and its P value. However, nothing is known 

108 about the consequences of the number of correlated columns within a data table on the PAM. For 

109 example, we do not know whether the increasing correlation within an entire data table is conveyed 

110 to the PAM and whether it affects the outcome of using PAM as the response in an ANOVA 

111 framework.  

112 On the other hand, there are no papers exploring explicitly the following statement: “the 

113 analysis of the PAM, by looking at consistencies of the residual size between homologous 

114 coordinates across different treatments, could be useful for providing insights about differences in 

PeerJ Preprints | https://doi.org/10.7287/peerj.preprints.3272v1 | CC BY 4.0 Open Access | rec: 20 Sep 2017, publ: 20 Sep 2017



115 terms of multivariate correlation”. Such a statement is linked to the use of the PAM in downstream 

116 statistical analysis such as ANOVA and multiple comparisons of means. Thus we also investigated 

117 whether the PAM is able to detect differences in multivariate correlation among treatments when 

118 it is used in multiple comparison tests. 

119

120 Material and Methods

121 First question: does the increasing number of correlated columns within an entire data table affect 

122 the Procrustes results?

123 To assess whether increasing the number of correlated columns within an entire data table 

124 affects the Procrustes results we used two data tables from a study by Lisboa et al. (2014a). In this 

125 study the authors used Procrustes analysis together with ANOVA and multiple comparisons of the 

126 means in order to assess how the strength of the “match” (correlation) between individual soil 

127 microbial community variables and individual soil fertility variables varied across four land use 

128 types (native forest, degraded pasture, improved crop, integrated crop-livestock-forest). The soil 

129 microbial community (PLFA profile) and the soil fertility data tables had the following 

130 dimensions: (n = 53, p = 20) and (n = 53, p = 15), respectively. Hereafter n and p stand for row 

131 and column numbers in the data tables, respectively.

132 Four correlation levels (0.2, 0.5, 0.7, and 0.9) were incorporated into different numbers of 

133 columns within the soil fertility data table (n = 53, p = 15), hereafter the X data table. The number 

134 of soil variables that were correlated was increased gradually (6, 9, 12, and 15), whereas the PLFA 

135 profile data table (n = 53, p = 20), Y, had its original correlation structure unaltered. After that, the 

136 X (soil fertility) and Y (PLFA profile) data tables were submitted to thirteen different pre-

137 transformations. These 13 pre-Procrustes transformations were used to encompass the three 
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138 broadly different manners in which X and Y data tables can be used in the Procrustes analysis: raw 

139 data, dissimilarity/distance matrices or ordination axes (Fig. 1 c). Finally the Procrustes 

140 relationships between X (soil fertility) and Y (PLFA profile) were simulated one hundred times 

141 for each pre-transformation. As some of the dissimilarity metrics used are undefined for negative 

142 values, the X matrix was squared prior to analysis. From each set of 100 simulations/pre-

143 transformations  within a given number of correlated columns within X (6, 9, 12, 15) with a given 

144 correlation level (0.2, 0.5, 0.7, 0.9) we retained the following statistics: 1) the average of the 

145 Procrustean correlation statistic (R value); 2) the number of times that the R statistic was significant 

146 (P value); 3) the PAM average (a Procrustean residual vector from the average of the 100 

147 simulations); 4) the residual size range within the PAM  average (subtracting the highest and the 

148 lowest residual sizes linking the two data tables after Procrustes fit); 5) the number of times in 

149 which the ANOVA using the PAM average as response and the land use type as factor (4 levels) 

150 was considered significant (P < 0.05). Thus, we retained 13 sets of Procrustes information, which 

151 were then used for making graphs.  

152

153 Correlation incorporated into soil fertility data table for assessing the first question

154 The process of incorporating distinct correlation levels into the soil fertility data table, the 

155 X data table, followed two basic steps: 

156 1) Specific level - correlation matrix M generation (0.2, 0.5, 0.7 and 0.9);

157 2) Cholesky decomposition of M into LLT, where L is a lower triangular matrix, and 

158 multiplication of LT by the transpose of the soil fertility matrix X. 

159 For generating the specific-level correlation table M, we used the R functions described by 

160 Hardin et al. (2013) which are intended for building correlation matrices with noise addition 
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161 (http://pages.pomona.edu/~jsh04747/research/simcor.r.). Here the noise added to the M entries 

162 was from -0.001 to 0.001. After obtaining M, its correlation structure levels were incorporated into 

163 the soil fertility data table by using the following R code:

164 fert.unc<-t((solve(t(chol(cov(fert.m)))))%*%t(fert.m)) # remove existing correlation

165 object <- t(chol(M))%*% t(fert.unc) # incorporates correlation structure levels

166 object.df <- t(object)       # creates the simulated soil fertility data frame

167 corrplot(cor(object.df)) # checks the correlation structure incorporated

168 Specifically, all correlation structure levels (0.2, 0.5, 0.7, and 0.9) were incorporated into 

169 the entire X data table (n = 53, p =15) and from them the number of columns (variables) correlating 

170 was reduced gradually (15, 12, 9, and 6) within each correlation level. The remaining columns 

171 within the soil fertility were left without any correlation level imposed. For example, for evaluating 

172 the effects of correlation levels imposed into 6 columns of the entire X data table (n = 53, p = 15) 

173 the rest of the 9 columns within X were not correlated. The whole process from incorporating 

174 different correlation levels into an increasing number of columns within the X data table to the 

175 Procrustes analysis was repeated 100 times for each of the 13 pre-Procrustes transformations is 

176 described in Fig. 1 c. For each of the simulations the correlated columns were sampled at random 

177 without replacement from the soil fertility table. The R code for simulating the increasing number 

178 of correlated columns within the soil fertility table and then exploring its effects on Procrustes 

179 results can be found in the supplementary material S1.         

180 Second question: can the PAM be used for detecting how the multivariate correlation is partitioned 

181 across different treatments?

182 For assessing whether the use of PAM in multiple comparisons of means is able to detect 

183 differences among treatments in terms of multivariate correlation, simulated data tables X and Y 
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184 were used. One can visualize this as if these data arose from a hypothetical scenario where X and 

185 Y are data tables derived from a study investigating how the multivariate correlation between the 

186 general plant community (X data table) and its functional traits (Y data table) is partitioned across 

187 an environmental gradient based on the time elapsed after an intense burning event. Also, one can 

188 consider that X and Y are encompassing four times elapsed after the burning event where plant 

189 community (X data table) and functional traits (Y data table) were measured at times A, B, C, and 

190 D. 

191 Hereafter these four times will be referred as treatments. Four different correlation levels 

192 (0.2, 0.5, 0.7, 0.9) were only incorporated into the treatment A for both X and Y data tables, and 

193 this treatment A corresponds to the first ten rows of each of these data tables. For all other 

194 treatments (B, C, and D) the correlation between X and Y was never greater than 0.1 (Fig. 1 c). 

195 After correlation level incorporation, the 13 pre-Procrustes transformations were applied to both 

196 X and Y data tables before the Procrustes analysis (Fig. 1c). All steps from the X and Y data table 

197 generation to the Procrustes analysis were repeated 100 times. Also, these simulations were carried 

198 out varying the number of columns (variables, p) in relation to the number of rows (sites, n) so that 

199 X and Y were data tables with the follow dimensions: (n = 40, p = 25); (n = 40, p = 45) and (n = 

200 40, p = 80).  From each set  of 100 simulations/pre-transformations within a given correlation level 

201 between X and Y data tables incorporated into the treatment A (0.2, 0.5, 0.7, 0.9), we retained the 

202 following information from the Procrustes results: 1) the number of times in which the treatment 

203 A came out as being different from all other treatment (A ≠ B, C, D) when using the average PAM 

204 in Tukey HSD (95%); 2) the average value of the Procrustean residual size in each treatment (A, 

205 B, C, D). Thus, for each correlation level between X and Y in the treatment A, we retained 13 sets 

206 of Procrustes information, which were used for making graphs. 
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207 Different correlation levels between X and Y for a specific treatment 

208 For creating the simulated data tables with different between correlation levels for a 

209 specific categorical level in both X and Y tables (namely level A) we first created sets of three 

210 “big” tables: 1 (n = 10, p = 50), 2 (n = 10, p = 90), 3 (n = 10, p = 160). Four correlation structure 

211 levels were incorporated into each “big” table (0.2, 0.5, 0.7, 0.9), and this was carried out using 

212 the same procedure described for the soil fertility data table in the first part of this paper.  

213 After the correlation structure was added to the “big” data tables, each one was broken 

214 down into two equal tables. For example, in the case of a “big” table (n = 10, p = 50) with a given 

215 correlation level of 0.2, it was divided into Xcorr0.2 (n = 10, p = 25) and Ycorr0.2 (n = 10, p = 25) 

216 tables.  Thus, each one of these “big” tables provided four pairs of X and Y data tables (n = 10, p 

217 = 25, 45, 80) representing different correlation levels between them for the treatment A, such that 

218 we have: (AXcorr0.9, AYcorr0.9); (AXcorr0.7, AYcorr0.7); (AXcorr0.5, AYcorr0.5); (AXcorr0.2, 

219 AYcorr0.2).

220 For taking account of other treatments (B, C, and D) we created three “big” tables: 1 (n = 

221 30, p = 50), 2 (n = 30, p = 90), and 3 (n = 30, p = 160), with all columns p having the same 

222 correlation level (corr. < 0.1). These tables were broken down as in the same way as for treatment 

223 A. Thus, for each (n = 30, p = 25, 45, and 80) four pairs of X and Y tables were generated. The 

224 tables AXcovi and AYcovi were then linked to BCDXcorr<0.1 and BCDYcorr<0.1 tables, 

225 respectively, in order to build the entire X and Y tables (n = 40, p = 25, 45, 80) as shown in Fig. 1 

226 b.  The whole process of incorporating different correlation levels into X until the Procrustes 

227 analysis was simulated 100 times for each one of the 13 pre-Procrustes transformations described 

228 in Fig. 1 c. The R code used for simulating different correlation levels between X and Y data tables 
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229 for the treatment A and then exploring its effects on the Procrustes results  can be found in the 

230 supplementary material S2.

231 Results

232 Imposed correlation effects on individual mainstream and downstream Procrustes results 

233 Both Procrustes mainstream results, the Procrustean correlation statistic R and its 

234 significance (P value), remained constant irrespective of the increasing number of correlated 

235 variables within the X data table and the level of correlation incorporated into  them (Fig. 2 a b).  

236 The constancy across the increasing number of correlated columns and their imposed correlation 

237 levels within the X data table was also true for Procrustes results involving the PAM, such as the 

238 measure of residual size variability across individual PAMs, the residual ranging size (maximum 

239 minus minimum residual sizes in the PAM linking the two data tables under analysis), and the 

240 number of significant ANOVA results using PAMs as response variable (Fig. 2 c - d). Such lack 

241 of effects of the increasing number of correlated columns/variables across different correlation 

242 levels were reinforced when the Procrustes results from the use of ordination axes and 

243 dissimilarity/distance matrices were considered separately (Fig. 1 and 2, supplementary material 

244 S3). Moreover, the use of PAMs in NMDS ordination (Euclidean distance) showed no clear 

245 grouping following both the number of correlated columns/variables and the level of correlation 

246 within the X data table (Fig. 3 a-b, supplementary material S3).

247

248 Correlation between X and Y data tables for a specific treatment

249     The mean percentage of significant ANOVAs using PAMs as the response variable 

250 increased as the correlation level between X and Y data tables for treatment A increased (Fig. 3 

251 a). The mean number of times where treatment A was significantly different from all other 
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252 treatments (% A ≠ BCD) increased as the correlation level between X and Y for the treatment A 

253 increased (Fig. 3 b).

254      For all dimensions of  X and Y, the higher correlation levels between these two data tables 

255 for the treatment A (0.7 and 0.9) were reflected by the mean Procrustes residual size  for 

256 treatment A being lower than others B, C, and D (Fig. 4 a - c). At the lower correlation levels 

257 between the X and Y data tables for the treatment A (0.2 and 0.5) the mean Procrustes residual 

258 size for treatment A was not different from the others, B, C, and D (Fig. 4 c).

259 Discussion

260 The use of the Procrustes residual vector (PAM) in ANOVA and multiple comparisons 

261 is not widespread as an ecological routine (Lisboa et al., 2014b). The reasons for this are diverse, 

262 including the lack of studies exploring the limitations of this composite framework. Here, we 

263 have attempted to address two questions:  1) how does the increasing number of correlated 

264 variables/columns within an entire data table affect the Procrustes results? 2) can the Procrustean 

265 residual vector (i.e. the PAM) show differences among treatments in terms of multivariate 

266 correlation when it is used in multiple comparisons of means?

267 Correlation level within a data table does not clearly affect the Procrustes fit and PAM-ANOVA 

268 results  

269 The most common use of Procrustes analysis in the ecological literature is for comparing 

270 different methodologies. For example, in soil microbiology research Procrustes analysis has 

271 typically been used for comparing ordination patterns from different methods of accessing the 

272 soil microbial community (e.g. PLFA, T-RFLP, high throughput sequencing) (Vinten et al., 

273 2011). Others authors have used Procrustes to assess how sampling error levels could affect the 

274 correlation between ordinations (Hirst and Jackson, 2007). All these examples used Procrustean 
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275 parameters, such as the Procrustean R correlation statistic and its significance for assessing the fit 

276 between methodologies, which stress that the Procrustes fit is usually the final aim of most 

277 studies using that approach.   

278 The limited usage of Procrustes in the ecological literature, especially in plant and soil 

279 ecology (Lisboa et al., 2014b), results in no information on the consequences of the correlation 

280 within an entire data on Procrustes results and, in the sense of using the Procrustean residual 

281 vector (PAM) in other statistical frameworks such as ANOVA, there are no references. Here our 

282 results indicated no clear effects of the increasing number of correlated variables across different 

283 imposed correlation levels in the X data table.  The Procrustes analysis used for carrying our 

284 simulation out was the so-called symmetric version in the vegan R package (Oksanen et al., 

285 2013),  which  submits both X and Y data tables – multidimensional configurations to linear 

286 transformations (scaling, translation and rotation) in order to minimize the sum of squares of  

287 corresponding  points (Peres-Neto and Jackson, 2001). 

288   The low effect of the imposed correlation levels on Procrustes outcomes may have to do 

289 with the statement that the Procrustes fit only takes account the differences between X and Y 

290 configurations (Dray et al., 2003), which can be seen by: 

291 fitXY =  trace((X - Z)T (X - Z))  (Gower, 1971),

292 where the Z matrix corresponds to the new set of coordinates arising from linear translation and 

293 rotation on the Y data table – multidimensional configurations. It can cast light on our results 

294 showing that the increasing number of correlated columns across different imposed correlation 

295 levels did not come up with differences in terms of both mainstream and downstream Procrustes 

296 results. 
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297  Since Procrustes takes “two to tango” by relating multidimensional configurations, which 

298 in turn are affected by the kind of pre-transformation on the data tables (Legendre and Gallagher, 

299 2001), it would be expected that both,  X and Y data table – multidimensional configurations 

300 (without scaling, translation and rotation movements) could have had some effect on Procrustes 

301 outcomes.  Nonetheless, our results suggest there was no effect of the X data table – pre-

302 transformations on their respective X data table – multidimensional configurations. It was due to 

303 the high similarity between raw data, dissimilarity matrices and ordination axes in terms of 

304 Procrustes results and PAMs, irrespective of the imposed correlation level. Thus, the existing 

305 correlation within the non-translated and non-rotated configuration, in our case, the X data table, 

306 may not be a hurdle for the Procrustes results, irrespective of using raw, dissimilarity matrices, or 

307 ordination axes as entries.

308 What does PAM tell us?

309 An argument advocating the use of the Procrustes residual vector in a downstream 

310 statistical approach using ANOVA and multiple comparisons is that the consistencies in the 

311 Procrustean residual sizes, which are linking the two or more tables under investigation, could be 

312 used to make inferences on the strength of the multivariate correlation across environmental 

313 gradients.  However, so far, no studies have explicitly explored such a statement. In fact the few 

314 existing studies that used the PAM to make inference that goes beyond accessing the correlation 

315 between data tables were based on that statement (Singh et al., 2008, Landeiro et al., 2011, 

316 Siqueira et al. 2012, Lisboa et al., 2012, 2014a).   Our results show that the correlation level 

317 between X and Y data tables for the treatment A affected the ANOVA and multiple comparisons 

318 of means using the PAM. We have found that the PAMs generated from the higher levels of 

319 correlation (0.7 and 0.9) are more capable of discriminating the treatment (A) from the others (B, 
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320 C, and D). These results are supporting the statement in favor of using the PAM to assess the 

321 strength of the multivariate correlation across categorical levels. 

322 One point that may create confusion is the interpretation of the PAM-multiple 

323 comparison of means results.  We have used Tukey’s HSD as it is a standard option in many 

324 studies, but we found that when only plotting the point estimate (mean) and the standard 

325 deviation of the residuals for each treatment the pattern of lower residual size in highest 

326 correlation levels was clearer (Fig. 4). The assumptions are that since the link between the two 

327 data tables is done through the use of residuals of the PAM after the best fit, then the lower the 

328 average residual size, the higher is the multivariate correlation for a specific treatment. Our 

329 results support this by showing that the mean residual size at treatment A is lower than the mean 

330 residual size in the other treatments B, C, and D when the correlation between X and Y for 

331 treatment A is high (0.7 and 0.9). Thus, the overall interpretation for PAM using multiple 

332 comparisons is that low mean residual size for a treatment indicates “strong” multivariate 

333 correlation. 

334 Final considerations

335 We explored for the first time the effects of increasing the number of correlated columns 

336 across different imposed correlation levels within the X data table on the Procrustes results 

337 related to the fit (R statistic and its P value) and to the use of the Procrustean residual vector 

338 (PAM) in ANOVA. In addition, we also tried to show that the PAM when used in multiple 

339 comparisons can provide insights about differences among “treatments” in terms of multivariate 

340 relationships. We have only used data tables whose entries were quantitative, so only 

341 dissimilarities and transformations considered adequate for this kind of data were used in pre- 

342 transformation for getting the same dimension between X and Y. However, we do recognize that 
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343 binary data tables (presence/absence) are also important in ecology (Anderson et al., 2011) and 

344 the evaluation of the correlation levels within binary data tables on Procrustes results must be an 

345 objective of future investigations. 

346 Procrustes analysis is a symmetric approach used to link two or more data tables 

347 (Legendre and Legendre, 2012). This means that the data tables under analysis are evaluated on 

348 an equal footing, that is, without setting which of them is response or predictor. Also  Procrustes 

349 does not have a regression step, which implies that the number of columns (variables, p) in a 

350 matrix does not need to be lower than the number of rows (sites, n) as required by traditional 

351 approaches  to link data tables such as RDA (Redundancy analysis) and CCA (Canonical 

352 Correspondence Analysis). In the present study we did not do a formal evaluation to test the 

353 effects of n > p on the Procrustes results as we focused on correlation effects. However, by 

354 varying the dimensions of X and Y data tables in the second part of the paper (n = 40, p = 25, 45, 

355 and 80) the results indicated that n < p and n > p may have similar effects on Procrustes results. 

356 To our knowledge this is the first study exploring the correlation effects on the Procrustes 

357 results and interpretation. Here we showed that both, the number of correlated variables and the 

358 correlation levels within an entire data table, have no effects on the mainstream Procrustes 

359 results related to the fit, such as R and its significance. In addition, the increasing correlation 

360 level within a data table does not affect the results of ANOVA using PAM as the response. 

361 Overall, our study supports the concept that the Procrustes fit only take into account the variation 

362 between data tables. Finally, we were able to show that the PAM can reflect treatment 

363 differences in terms of multivariate correlation when it is used in multiple comparisons of means. 

364 It supports PAM – ANOVA – Multiple comparisons as an interesting composite approach for 
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365 getting additional information on how the strength of the multivariate correlation varies across 

366 categorical environmental levels. 
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Figure 1(on next page)

Figure 1

General approach used in the study. a) Illustration of the first question addressed: the effects

of increasing the number of variables correlating within X data table (soil fertility, n = 53, p =

15) on the Procrustes results. For each number of columns (6, 9, 12, 15) in the X data table,

four correlation levels were imposed (0.2, 0.5, 0.7, 0.9). The X data table was related to the

Y data table (PLFA profile, n =53, p = 20, none correlation structure imposed) by Procrustes

analysis. X and Y data tables are from Lisboa et al. (2014b). b) Illustrates the second

question: whether the correlation level between X and Y data tables (simulated data)

incorporated into a specific treatment (treatment A) is reflected in the results of ANOVA

analysis of the PAMs. The correlation between X and Y for all others treatments (B, C, and D)

was not greater than 0.1. c) The different pre-Procrustes transformations in which X and Y

were used in the Procrustes analysis (raw data, dissimilarity matrices, ordination axes). Each

of these pre-transformations was simulated 100 times in order to get the results.
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Figure 2(on next page)

Figure 2

Effects of increasing the number of variables correlated at different levels within an entire X

data table on Procrustes results. a) Effect on Procrustes correlation statistic R; b) Effect on

significance of Procrustean relationship (P value); c) Effect on residual size ranging within the

vector of relationship (Procrustean association metric: PAM); d) Effect on ANOVA significance

by using the PAMs as response and land use type (4 levels) as categorical predictor. The X

(soil fertility) and the Y (PLFA profile) data tables are derived from Lisboa et al. (2014b). For

each correlation levels (0.9, 0.7, 0.5, and 0.2) the number of variables correlating was

increased from 6 to 15 (total variables). The correlation within Y data table was held fixed

(original correlation structure). Means ± 1 SE of 13 pre-Procrustes transformations simulated

100 times are shown (Fig. 1c). d� L� :UZC
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Figure 3(on next page)

Figure 3

Procrustes downstream results as affected by the correlation levels between X and Y data

tables incorporated into a specific treatment A, while holding fixed the correlation level

between X and Y for others treatments B, C, and D (Correlation < 0.1). b) Mean percentage

of significant ANOVAs (P < 0.05) when the Procrustes residual vectors (PAMs) were used as

response variable. b) Mean percentage of time when A treatment was significant different

from all other treatments in multiple comparisons (Tukey, 95%, CI). Means ± 1 SE of 13 pre-

Procrustes transformations simulated 100 times.
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Figure 4(on next page)

Figure 4

Assessing how multivariate correlation levels between two data tables incorporated into a

specific treatment (treatment A: 0.9, 0.7, 0.5, and 0.2) are able to generate Procrustes

residual vectors (PAMs) capable of differentiating this treatment from others (B, C, and D) in

a multiple comparison. The correlation between X and Y for all other treatments (B, C, and D)

was held fixed at < 0.1. a) PAMs from Procrustes relationships between X and Y data tables

with dimensions (n = 40, p =25), where n = nº rows and p = nº columns. b) PAMs from

Procrustes relationships between X and Y data tables with dimensions (n = 40, p =45). c)

PAMs from Procrustes relationships between X and Y data tables with dimensions (n = 40, p

=80). All PAMs used in the multiple comparisons were generated from simulations of 13 pre-

Procrustes analysis transformations as described in (Fig. 1 c).
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