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Abstract 5 
  6 
Next Generation Sequencing has moved the Big Data phenomenon into the 7 
Biological Sciences, making the understanding of biological data a computational 8 
challenge. In consequence, it is important to create tools that exploit human visual 9 
skills in the interpretation of this ever-increasing information. However, transforming 10 
genomic data into an image with biological meaning is particularly difficult because 11 
the information is not comprised in a single variable but a set of them. The 12 
distribution of genomic composition embedded in k-mer frequencies (frequencies of 13 
all possible substrings of size k) is a suitable approach, since it will allow us to obtain 14 
a specific signature of different organisms in order to classify and visualize them. 15 
The main goal of this study was to develop an R function to transform a genomic 16 
sequence into a specific 2D image based on k-mer frequencies and to proof that this 17 
visualization would keep biological relationships of organisms. The function was 18 
developed such that it fragments a genome, reduce the dimensionality of genomic 19 
composition measurements and assign a specific color (RGB) to each fragment, 20 
transforming it into an image pixel. This function was applied to 52 Bacterial 21 
genomes observing that related organisms presented similar color pattern across 22 
family, class and phylum. Also, a Mantel and Chi-squared tests were performed over 23 
two distinct distance matrices, one from pixel features and another from a traditional 24 
16S-based phylogenetic tree, in order to assess statistical similarity of the obtained 25 
2D images to classical phylogeny. In conclusion, image-based tools can help 26 
improve genomic comparisons, exploiting human visual capabilities. 27 
  28 



Introduction  29 

Since the proposal of DNA structure, biological science research has had a 30 

fixation on genome sequences, which promoted the advancement of sequencing 31 

technologies, specifically the Next Generation Sequencing (NGS) methods (Maddox, 32 

2002). NGS technologies began to dominate the market because they allowed 33 

millions of sequences to be generated in parallel, maintaining a balance between 34 

read length and sequencing quality, which has significantly decreased base pair 35 

sequencing costs. In addition, NGS methods eliminated the cloning step, included in 36 

prior techniques such as sequencing by Sanger (Ihle, et al., 2014.) This has enabled 37 

sequencing to become a standard technique available to any biological science 38 

laboratory in the world as Illumina and Pacific-Biosciences have been improving their 39 

products. Currently, it is possible to sequence a high quality human genome (about 3 40 

Gbp) at a price close to $1,500 (National Institute of Mental Health, 2016). Thus, the 41 

challenge of the sciences is the storage and analysis of existing genomic data in 42 

both public and private databases to gain a clearer understanding of biological 43 

phenomena and systems. 44 

In addition, high-throughput NGS sequencing has favored the arrival of the “Big 45 

Data” phenomenon to the biological sciences. This has generated the need to 46 

identify logical patterns in large volumes of data, which requires structured 47 

knowledge in mathematics, statistics and computation (Marx, 2013). Therefore, the 48 

challenge of science today is data integration, processing and analysis, leading to 49 

the development of interdisciplinary teams to overcome such challenge (Shaw, 50 

2014).  51 

For this reason, researchers have begun using tools such as Hadoop and Cloud 52 

Computing in the study of genomic data. Hadoop is software system that allows 53 

management of storage and process distribution in supercomputers while Cloud 54 

Computing enables scalability and cost reduction in the use of genomic data 55 

(O'Driscolla, Daugelaiteb, & Sleatorb, 2013). Consequently, it is possible to infer that 56 

biology has had to evolve with the new sequencing and computation technologies 57 

because the new hypotheses require the simultaneous interpretation of sets of 58 

hundreds of variables.  59 

However, most of these methods lack visual features that facilities the 60 

comparisons within the genomic data. Therefore, most of the available genomic data 61 



has not been analyzed because there is not a single solution that combines user-62 

friendly visualization and statistical methods that allows an accelerated inquiry of 63 

biological data. Then, it is important to create tools that exploit human visual skills in 64 

the interpretation of biological information; however, it is difficult to generate an 65 

image with biological significance because the biological information is not 66 

encapsulated in a single variable but a set of variables (Pride, Meinersmann, 67 

Wassenaar, & Blaser, 2003).  68 

A possible solution is to use genomic composition information because it is an 69 

alternative to classify and get a specific signature for organisms (Karlin, Mrázek, & 70 

Campbell, 1997). K-mer frequencies, “frequency of the substring of length k 71 

contained in a genome” (Compeau, Pevzner, & Tesler, 2011), is a metric that do not 72 

depend on homology-based methods and can use the full length of the genome, 73 

independent of whether is coding or not for specific proteins (Mathe, Sagot, Schiex, 74 

& Rouze, 2002).  75 

In addition, among other advantages of using k-mer frequencies for the 76 

classification of organisms is important to highlight the capacity of using the whole 77 

genome instead of a single gene (Karlin, Mrázek, & Campbell, 1997) and to obtain 78 

more accurate information of areas of low complexity. Especially, when comparisons 79 

are to be made between genomes independent of their domain, homology 80 

independent methods such as compositional analysis are of a great advantage. 81 

Thus, the use of k-mer frequencies for the analysis of genomic data is feasible 82 

because of its flexibility and sensitivity. 83 

Specifically, this project wanted to address if the application of multivariate 84 

statistics on genomic composition reflect differences within and between genomes 85 

by means of generating a two-dimensional (2D) image. For this purpose, an R-86 

function was developed, which takes a fragmented genome, creates a pixel of each 87 

fragment and plots the pixels as a Hilbert curve. This allows comparing images of 88 

prokaryote and eukaryote genomes (Martinez Villa & Reyes, 2015). Also, after 89 

applying this function for the first time, it was possible to detect that related 90 

organisms presented similar color pattern across family, class and phylum.  91 

However, initial results of this study relied more strongly on qualitative analysis 92 

than quantitative ones. For this reason, this master project focuses on assessing 93 



statistical significance of the phylogenetic relationships of the obtained images and 94 

generate a new dendrogram from a set of 52 Bacterial genomes using 2D images. 95 

Specifically, there are two main objectives: the first objective is to validate the inter-96 

genomic relationships of the bacterial genomes, which means that the genomic 97 

composition of each genome will allow to seek a better representation of the 98 

relationships between genomes as a classical approach such as 16S rRNA 99 

phylogenetic tree will do. Also, the second objective is to facilitate the abstraction of 100 

intra- genomic properties of genomes using their 2D images.  101 

Methodology 102 

The methodology of this project is focused in two steps. The first step is related 103 

with the construction of the 2D image using three different methods, while the 104 

second step is related with the statistical analyses needed to corroborate the 105 

biological significance of the obtained images.  106 

 107 

Creation of the image 108 

Step 1: Fragmenting and Obtaining frequency matrix for each genome (Figure 1A 109 

and 1B): Each genome that is introduced into the function would be fragmented 110 

using a sliding window of 6000 pb with overlapping of 10% of the window size (600 111 

pb). Following, the frequency of tetranucleotides for all of the fragments per genome 112 

will be calculated, having initially all possible 256 combinations (4! = 256) for each 113 

fragment of a genome. Then, since the frequencies are measured on both strands 114 

and due to the DNA base pairing, there would be redundant tetranucleotides with 115 

complete correlation. Because of this, all redundant tetranucleotides were removed 116 

resulting in a matrix of n fragments by 136 variables for each genome. Afterwards, all 117 

matrices were concatenated resulting in a structure of n fragments (rows) by N 118 

genomes with 136 columns. Note that n (number of fragments) vary depending on 119 

the genome length as follows: n= ((G-6000)/600)+1 where G is the genome length. 120 

Step 2: Variable Selection by Clustering Strategy (Figure 1C and 1D): In an 121 

attempt to create a methodology that would have reproducible images, meaning that 122 

regardless of the input genomes, a genome would always have the same image, a 123 

basic variable selection by clustering strategy was implemented. This strategy is 124 

used to reduce the variables (columns; 4-mers) by assessing collinearity and 125 



redundancy, which allow separating variables into clusters that can be processed as 126 

a single variable. During the variable selection, it was possible to minimize the 127 

variance of the clusters to a set of three (3) clusters, which coincides with the RGB 128 

spectrum. Then, these three cluster were assigned to a color group, in other words, 129 

the first cluster (red group) was assigned to the red channel with 12 tetranucleotides, 130 

the second cluster (green group) was assigned to the green channel with 39 131 

tetranucleotides and the third (blue group) cluster was assigned to the blue channel 132 

with 41 tetranucleotides. Finally, these clusters were only used for method 2 and 3 133 

(shown in blue, Figure 1C-G) in which all matrices were concatenate resulting in a 134 

structure of n fragments (rows) by N genomes with 92 columns.  135 

Step 3: Reduction process that includes three different methods (Figure 1E): The 136 

reduction of a frequency matrix of each genome was done through three methods. 137 

The input for each method is the combined frequency matrix as mentioned in Step 1 138 

and Step 2. 139 

A. Direct PCA Reduction (DPR, Figure 1E Method 1): The direct PCA reduction 140 

method uses the PCA method to reduce the variance of a multivariate 141 

dispersion of points into less dimensions (Buttigieg & Ramette, 2014). 142 

Specifically, the first three components of the PCA are used to generate an 143 

RGB spectrum assigning the first component, second and third to red, green 144 

and blue color channels, respectively. Then, each column of the reduced 145 

matrix with three components was normalized between 0 and 1 in order to get 146 

one RGB pixel for each row (Figure 1F).  147 

B. Indirect PCA Reduction from each cluster (IPRC, Figure 1E Method 2). The 148 

indirect PCA reduction from each cluster method uses the three clusters 149 

obtained after applying the variable clustering strategy (Step 2). Then, a PCA 150 

was performed for each color group separately and the first component from 151 

each PCA was used to create the reduced matrix, in which each column was 152 

normalized between 0 and 1 in order to get one RGB pixel for each row 153 

(Figure 1F). 154 

C. Indirect Centroid Reduction from each cluster (ICRC, Figure 1E Method 3). 155 

The indirect centroid reduction from each cluster method uses the three 156 

clusters obtained after applying the variable clustering strategy (Step 2). 157 



However, the major difference with method B (above) is that instead of 158 

applying PCA to reduce each color group to one column, the ICRC method 159 

calculates the centroid by row from each color group. The resulting matrix with 160 

three columns is created and normalized between 0 and 1 in order to get one 161 

RGB pixel for each row (Figure 1F).  162 

Step 4: Plotting 2D image as a Hilbert Curve (Figure 1G): After the steps 1 163 

through 3, a reduced matrix with of 3 columns with values normalized between 0-1 164 

where each row will correspond to an RGB color is obtained. Each row corresponds 165 

to a fragment (6Kb) from a given genome. However, because the number of 166 

fragments depends on the genome size, some genomes would have more or less 167 

fragments/pixels than others. Therefore, it is necessary a plotting approach that 168 

keeps the relationship between pixel value and its position within the genome. If the 169 

pixels for each genome were arranged in a squared manner, in which the number 170 

pixels going vertically are the same as going horizontally to make comparable 171 

images for each genome, the continuity of the adjacent pixel to the last pixel of each 172 

row would be lost. For this reason, a space-filling curve that acts as a fractal can be 173 

used to solve these two previous difficulties. In particular, the Hilbert Curve created 174 

by David Hilbert and Giuseppe Peano (Nielsen & Wong, 2012) will allow to visualize 175 

the relationships of RGB pixels as a zoom out of regions of the genome making the 176 

comparison of many genomes more efficient. 177 

 178 

Statistical analysis 179 

The steps to make comparison using Mantel and Chi-squared test were the 180 

following: 181 

Step 1: Creating the Reference distance matrix (Figure 2 AR-BR): In order to 182 

make the reference matrix, the 16S rRNA full length gene of each genome was 183 

retrieved and aligned with PyNast (Caporaso, Bittinger, Bushman, DeSantis, 184 

Andersen, & Knight, 2010) the alignment was filtered for gap only positions and a 185 

phylogenetic tree was built using the filter alignment filter_alignment.py and 186 

make_phylogeny.py scripts from Qiime (Caporaso, et al., 2010). Afterwards, a 187 

distance matrix was generated using distmat (Rice, Bleasby, & Ison, 2000)with 188 

default parameters. 189 



Step 2: Creating the distance matrix from the reduced matrix output of method 1 190 

(DPR), method 2 (IPRC) and method 3 (ICRC) (Figure 2 A_targe-B_target):: Since 191 

each genome would have a number of pixels proportional to its genome size, the 192 

reduced matrix, before normalizing to an RGB pixel, for each genome would have 193 

different number of rows but equal number of columns (3 columns, one for each 194 

channel color in the RGB spectrum). Then, there were two options to make the 195 

pairwise comparisons for all reduced matrices, which were denominated as target 196 

matrix. The first option consisted in compressing each reduced matrix (by rows) to a 197 

single vector per genome with size of three by calculating the median in a column-198 

wise manner. After obtaining the compressed vector for each genome, a dissimilarity 199 

matrix was calculated using a Euclidean distance or transforming the reduced matrix 200 

in a cosine space. In contrast, the second option did not have the process of 201 

compression and consisted in calculating the RV coefficient (Husson, Josse, & 202 

Pagès, 2008) between each genome pair-wise comparison using the reduced matrix. 203 

Therefore, it was possible to reconstruct a squared matrix (pxp) from each RV 204 

coefficient. Also, this coefficient was implemented using the coeffRV() function in the 205 

FactoMineR package (Le, Josse, & Husson, 2008).  206 

Step 3.1: Applying the Mantel test (Figure 2CD): The mantel test was applied 207 

since it allows to compare two dissimilarity matrices and calculates correlations 208 

between corresponding positions  (Legendre, Borcard, & Peres-Neto, 2005). Since 209 

the matrices used in this project came from multivariate data, the test assumes that 210 

the variables within each dissimilarity matrix are independent. Consequently, the 211 

Mantel test would give a “Zm statistic that is computed by adding the cross products 212 

of the two dissimilarity matrices being tested” (Buttigieg & Ramette, 2014) and an 213 

associated p-value that is calculated by permutation. This test was implemented 214 

using the mantel() function in the vegan R package (Oksanen, et al., 2017).    215 

Step 3.2: Applying the Chi-squared test (Figure 2CD): The chi-squared test was 216 

applied because it allows to evaluate independency between categorical variables. 217 

In this project the test was implemented as follows: first, a hierarchical method was 218 

used in both the 16S rRNA reference matrix and the target matrix. Three different 219 

values of K for the clustering were tested in order to determine the best K (number of 220 

groups) that would have the highest correspondence between the reference and 221 



target matrix. Then, the associated p-value was checked in order to find the best 222 

result.  223 

 224 

Results 225 

In order to resolve the two main objectives of this project, two strategies were 226 

implemented. The first strategy, which was implemented as a validation, consisted 227 

on making the comparison between all genomes without fragmentation, in other 228 

words, the frequency matrix was calculated for the whole genome resulting in a final 229 

frequency matrix of N number of genomes by 136 or 92 features (Figure 3, inter-230 

genomic validation), while the second strategy, which was implemented as an 231 

application, consisted on making the comparison between all genomes with 232 

fragmentation having a final frequency matrix of N number of genomes each one 233 

with a specific n number of fragments by 136 or 92 features (Figure 3, intra-genomic 234 

application). Then, the same statistical tests were implemented for both strategies.  235 

In addition, the inter-genomic validation results had statistical significance with a 236 

p-value lower than 0.05 for the method 1 (DPR) both in the Mantel and Chi-squared 237 

tests (Figure 3, L4 and L5), while the method 2 (IPRC) and 3 (ICRC) only had p-238 

values closed to 0.05 in the Chi-squared test (Figure 3, inter-genomic validation 239 

shown in light red). Also, the intra-genomic validation had statistical significant 240 

results for the method 1 (DPR) in the Chi-squared test (shown in green, R3-R5) 241 

when the median was used as a metric of compression with a p-value of 0.007 and K 242 

is equal to 4. However, the method 3 (ICRC) had a relative good performance 243 

because the Mantel test had p-values less than 0.05 (Figure 3, R5 and R9) for both 244 

median and coeffRV as metrics of compression, while the results of the 245 

independency test were relatively closed to 0.05 (Figure 3, intra-genomic validation 246 

shown in light red). Furthermore, only the statistical significant results (Figure 3, 247 

show in green boxes) in both validations will be explained in more detailed.  248 

 249 

Corplots obtained from the DPR method after doing the inter-genomic validation 250 

(Figure 3 L1: L4-5) 251 

The corplots of the results of the Method 1 (DPR) allow to see that the 252 

relationships inside the Bacteroidetes can be recovered in the Euclidean Whole 253 



Genome Frequency matrix compared to the reference 16S rRNA matrix indicated in 254 

the green circles with the equal (=) green sign. However, the Euclidean Whole 255 

Genome Frequency matrix could not recover all the relationships since there are 256 

differences indicated in the blue circles with the difference (≠) orange sign (Figure 257 

4A and 4B). In addition, it was possible to recover more relationships inside 3 258 

different phyla using the cosine transformation indicated in the green circles with the 259 

equal green signs (Figure 4C and 4D). 260 

 261 

PCA Results of DPR method after doing the inter-genomic validation (Figure 3 L1: 262 

3L4-5) 263 

According to the results of the DPR method (Supplementary Material Figure 264 

S1), the 5 tetranucleotides with major percentage of contribution to all three RGB 265 

color channel were TTTT (4.5 %), CGGC (2.8 %), CGCG (2.4 %), TAAA (2.3 %), 266 

and TTTA (2.3 %), respectively. In the same way, the 5 genomes with highest 267 

contribution percentage to all three RGB color channel were Flavobacterium 268 

columnaere (6.4 %, Phylum Bacteoridetes), Acidobacterium capsulatum (5,6%, 269 

Phylum Acidobacteria), Melioribacter roseus (4,2%, Phylum Ignavibacteriae), 270 

Desulfurispirillium indicum (4,1%, Phylum Chrysiogenetes) and Fibrobacter 271 

succigenes (4,1%, Phylum Fibrobacteres). The PCA plot (Supplementary Material 272 

Figure S2) of the three RGB color channel according to a k-means clustering allow 273 

to see that different kinds of tetranucleotides contribute to each color channel. For 274 

example, the green channel was more affected by tetranucleotides with more Cs and 275 

Gs, while the blue channel was more affected by and As and Ts. In contrast, the red 276 

channel was more affected by tetranucleotides with balanced number of all four 277 

nucleotides. 278 

 279 

Chi-squared Results of DPR method after doing the intra-genomic validation (Figure 280 

3 R1:R5) 281 

According to Figure 5A and 5B, the relationships between the reference (A) and 282 

the target matrix (B) of the method 1 (DPR method) are not recovered completely. 283 

The only groups that have more consistencies are the red and blue groups in which 284 

their members are segregated together in major proportion to the other two groups 285 



(yellow and green). Specifically, the red and blue groups have 6 and 2 consistencies, 286 

respectively. Also, the yellow group of the reference contains most of the genomes in 287 

the Proteobacteria phylum, however in the target matrix, these genomes are 288 

segregated in the different gray boxes and none of them appeared as closest 289 

relatives in any branch. 290 

 291 

Qualitative analysis of 5 monophyletic groups from 52 Bacterial genomes vs their 2D 292 

images from DPR method after doing the intra-genomic application (Figure 3 R1:R5) 293 

According to Figure 6, there is a clear differentiation of the color pattern of the 294 

pair of genomes from each phylum, in which the images of Proteobacteria, 295 

Spirohacetes, Bacteriodetes, Tenericutes and Aquificae genomes have more 296 

abundance of brown, green and blue, green and purple pixels, respectively. The 297 

genomes that shown higher monochromatic characteristics are B. intermedia 298 

(Spirochaetes), F. columnare (Bacteroidetes), A. brassicae (Tenericutes), A. 299 

aeolicus and T. ammonificans (both Aquificae). This means that the genomic 300 

composition is similar for most of the fragments in each of the genomes. Therefore, 301 

in three (Proteobacteria, Tenericutes and Aquificae) of the five pair of the images the 302 

pixel values of the two genomes from the same phylum are more similar than 303 

otherwise. In contrast, the genomes from the Spirochaetes and Bacteroidetes phyla 304 

have a different behavior in the color pattern. Specifically, the images of B. 305 

intermedia (Spirochaetes) and F. columnare (Bacteroidetes) have more concordance 306 

than with the images of their own phylum.  307 

 308 

Corplots of the CRC method after doing the intra-genomic application (Figure 3 309 

R1:R2-R7:R9)  310 

Although, the Mantel test between the UCR and CFWGC matrices was significant, 311 

their corplots do not share congruence in the three blue circles (Figure 7A and 7B), 312 

except for the circles with orange equal (=) signs, in which there is a high similarity 313 

between the CP010822 (Thermus aquaticus Y51MC23) and NC_014221 (Truepera 314 

radiovictrix DSM 17093) genomes. These genomes are from the Deinococccus-315 

Thermus phylum. Also, coeffRV as a metric of compression could recover more 316 

relationships outside the blue circles putting values in the middle of the color scale 317 



(Figure 7B), from which can be inferred that coeffRV was more stringent than the 318 

inter-genomic validation (Figure 4B and 4D).  319 

 320 

Chi-squared results of ICRC with median as metric of compression after doing the 321 

intra-genomic application (Figure 3 R1:R5) 322 

According to Figure 8A and B, the relationships between the reference (A) and 323 

the target matrix (B) of the method 3 (ICRC method) are not recovered completely as 324 

occurred with the DPR method. To the same extend, the groups that have more 325 

consistencies are the red and blue groups, meaning that their members are 326 

segregated together in major proportion to the other two groups (yellow and green). 327 

Specifically, the red and blue groups have 5 and 2 consistencies, respectively. Also, 328 

members of the yellow and green groups are more dispersed through the 329 

dendrogram.  330 

 331 

Results of ICRC method after doing the intra-genomic application. One genome of 332 
the Proteobacteria, Spirochaetes and Bacteriodetes phyla are shown in more 333 
detailed according to the 16s phylogenetic tree 334 

According to Table 1, TTTT had the highest contribution for the red channel in the 335 

three genomes, while CATT was shared in two of the three genomes but with similar 336 

low contribution of 6.09% and 3.25%, in E. coli and B. vulgatus, respectively. Also, 337 

there were not shared tetra-nucleotides in the green channel between the three 338 

genomes. However, CGGG had the highest contribution for the blue channel in two 339 

of the three genomes (E. coli and B. vulgatus). 340 

In addition, the contribution of the fragments for each color channel in the three 341 

genomes had a similar tendency. The fragments had contributions lower than 5%, 342 

which gave a histogram skewed left for all genomes in all three color channels 343 

(Supplementary material Figure S4-S5-S7). However, there are only two instances 344 

where the same fragments are shared with the highest contribution between color 345 

channels in the same genome. For example, the 840 and 640 (in bold, Table 2) 346 

fragments are represented in the red and blue channels in the E. coli genome, while 347 

the fragment 423 (in bold, Table 2) is represented in the green and blue channel in 348 

the Leptospira biflexa serovar Patoc strain genome.  349 



 350 

Qualitative analysis of the 2D images from ICRC method after doing the intra-351 

genomic application 352 

The images from method 3 (ICRC) show a correspondence of the color between 353 

genomes of the same phylum. The only phyla that show a clear separation by color 354 

pattern are Proteobacteria and Aquificae, while the genomes from the Spirochaetes, 355 

Bacteroidetes and Tenericutes phyla show orange, green and red pixels, which 356 

according to the ICRC method, these genomes may have similar genomic 357 

composition. Also, the image of B. vulgatus differs in more proportion from the image 358 

of F. columnare, even though both genomes are Bacteroidetes.  359 

 360 

Discussion 361 

This project has shown that the process of reducing tetra-nucleotides frequencies 362 

to a 2D image from RGB pixels still allow to maintain taxonomical signatures of 363 

Bacterial genomes. Also, the two main objectives of this work have been proved 364 

because the inter-genomic validation allows certifying that the reduction of tetra-365 

nucleotides frequencies to RGB pixels can maintain biological relationships 366 

corroborated in the significant Mantel test results of method 1 or DPR method 367 

(Figure 3 and 4), supported by the distance matrices of the method 1 (DPR method). 368 

Equally, the intra-genomic application of the function to Bacterial genomes granted 369 

visual insight in the comparison of ten genomes, in which it is clear that closely 370 

related genomes shared a similar color pattern, such as E. coli, S. boydii, A. aeolicus 371 

and T. ammonificans, from results of method 1 and 3 (Figure 6 and 9).  372 

As a consensus of the results described in Figure 3, it is clear that there is a 373 

trade-off between resolution and context of the relationships abstracted from the 2D 374 

images. In other words after fragmenting the genomes, the resolution of the 375 

information obtained from a RGB pixel that corresponds to a fragment is increased 376 

because it is easy to identify what regions of the genome are different within the 377 

genome. However, when all of these fragments are taken as one by using 378 

compression metrics such as median and coeffRV, the resolution and therefore the 379 

unique signature of a 2D image can be decreased because the change of the values 380 

from RGB are not abrupt enough for the statistical tests to detect them and the 381 



correspondence between a pixel position and its value are lost because the 382 

compression generates a single vector with the same size for all genomes (Barnett, 383 

1976). Also, after losing the unique signature of a genome by using compression 384 

metrics, the context, meaning the relationships between genomes of the same 385 

phylum, class and family will be lowered. For this reason, even though the Mantel 386 

and Chi-squared tests gave results with p-values lower that 0.05 (green boxes in 387 

Figure 3); other statistics associated with these tests are not as strong as expected. 388 

Specifically, the coefficients of correlation from the Mantel test are low in both the 389 

inter-genomic validation and the intra-genomic application (Table S1 and S2 in 390 

Supplementary material)  391 

In addition, the results of the intra-genomic comparison by DPR and ICRC 392 

methods differed in two main points. The first point is that the DPR method is more 393 

stringent in the separation of the variance of the variable for each color channel. This 394 

is possible because the DPR method uses PCA, which maximizes variance of the 395 

data, meaning that each principal component assigned to a color channel (R, G and 396 

B, respectively) is orthogonal to the others, making this method more rigorous in the 397 

separation of the color channels (Kruger, Zhang, & Xie, 2008). Because of this, it is 398 

possible to separate the B. intermedia more easily from the others 9 genomes and 399 

the diversity of colors can be higher in the images from DPR method than ICRC 400 

method. Nonetheless, the ICRC method allows having a more smooth transition 401 

between color channels since it uses the centroid of each color group as input for the 402 

pixel values (Figure 8). In a more specific manner, the images of the L. biflexa, B. 403 

intermedia, M. genitalium and A. brassicae genomes have a color distribution that 404 

transits between gray, orange, yellow and green colors.  405 

Finally, it was proved that reducing the genomic composition to a RGB pixel is an 406 

affordable strategy to make comparative genomics more efficient by exploding the 407 

visual capacities of the human eye. 408 

 409 

 410 

 411 

 412 

 413 
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 509 
Figure 1. An R function was developed such that it fragments a genome (6,000 bp per fragment) in overlapping 510 
fixed-sized sliding windows of 600 pb (A), calculate all non-redundant k-mers within a window (B and C), reduce 511 
the dimensionality of such measurements to a three-coordinate system (using 3 independent methods) and 512 
assigns a specific color (RGB) to each fragment (D, E, F), to finally plot the pixel matrix as a Hilbert curve (G). 513 

  514 



 515 

 516 
Figure 2. In order to assess biological significance of the obtained 2D images, a comparison between a 517 
reference 16S alignment matrix (AR) and the 3-column (pixel) matrix from all genomes (A_target) was performed 518 
by calculating their corresponding distance matrices (BR and BR_target, respectively). These distances matrices 519 
were compared using a Mantel and a Chi-squared tests (C and D). 520 

521 



 522 

 523 
Figure 3.Visual summary of the inter- and intra- genomic strategies that were implemented in this project. The 524 
steps for the inter-genomic validation are in blue and have path that start with the letter L (at the left of the tree), 525 
while the steps for the intra-genomic application are in purple and have path that start with the letter R (at the 526 
right of the tree). Boxes in green mean that the results have statistical significance with p-values lower than 0.05, 527 
while boxes in light red mean that the results have p-values close to 0.05.  528 
  529 



 530 

 531 
Figure 4. Corplots ordered by phylum of the 52 Bacterial genomes (x and y –axis correspond to the genome ids) 532 
obtained after applying the method 1 (DPR) in the inter-genomic validation. The color bars with numbers in the x-533 
axis of plot A mean orange [1]: Proteobacteria, darkblue [2]: Spirochaetes, green [3]: Bacteroidetes, darkgray [4]: 534 
Tenericutes, pink [5]: Aquificae. Plots A and C: A (Rank Uncorrected Distmat) and C (Ref Uncorrected Cosine) 535 
are corplots obtained from the 16S rRNA reference with the only difference that C is the corplot of the reference 536 
after using the cosine transformation. Plots B and D:  B (Eu-WG Freq) and D (WG Freq Cosine) are  corplots 537 
obtained after the inter-genomic validation with the only difference that D was gotten after using the cosine 538 
transformation (WG Freq Cosine). The green circles with the green equal signs mean that there is a high 539 
correspondence between the pixels of the delimited areas, when comparing A vs B and C vs D, independently. 540 
The blue circles with the orange different signs mean that there is a low correspondence between the pixels of 541 
the delimited areas, when comparing A vs B. 542 

 543 
 544 
 545 
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 547 
Figure 5. Comparison of the dendrograms of the 52 Bacterial genomes after doing step 3.2 of the methodology 548 
for method 1 (DPR) in the intra-genomic strategy. A) Dendrogram after doing clustering with K=4 of the reference 549 
matrix. B) Dendrogram after doing clustering with K=4 of the matrix obtained from method 1 (DPR) in the intra-550 
genomic strategy. Gray boxes establish the separation of the genomes in 4 groups, while the green, blue, yellow 551 
and red colors establish the assignation of each genome into a group.  552 

 553 
 554 
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 556 

 557 

Figure 6. In the qualitative analysis of the phylogenetic tree derived from 16S rRNA reference sequences from 558 
52 different bacterial species representing all major bacterial phyla are shown, in which five monophyletic are 559 
represented in images at the right: Proteobacteria [1], Spirochaetes [2], Bacteroidetes [3], Tenericutes [4] and 560 
Aquiface [5]. The comparison of 2 representative images from the five selected groups allowed seeing relevant 561 
differentiations of their color patterns at the Phylum level related with genomic composition measurements. 562 
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 566 
Figure 7. Corplots ordered by phylum of the 52 Bacterial genomes (x and y –axis correspond to the genome ids) 567 
obtained after applying the method 3 (DPR) in the intra-genomic validation. Plots A and B: A (Uncorrected Ref-568 
Cosine, UCR) and B (CoeffRV Fragmented Genome Cosine, CFWGC) are corplots obtained from applying the 569 
cosine transformation over the 16S rRNA reference matrix and using coeffRV as a compression metric in the 570 
intra-genomic application. The blue circles with the orange different signs mean that there is a low 571 
correspondence between the pixels of the delimited areas, while the blue circles with the orange equal signs 572 
mean that there is a higher correspondence between the pixels of the delimited areas, when comparing A vs B. 573 

 574 
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 577 

 578 
Figure 8. Comparison of the dendrograms of the 52 Bacterial genomes after doing step 3.2 of the methodology 579 
for method 3 (ICRC) in the intra-genomic strategy. A) Dendrogram after doing clustering with K=4 of the 580 
reference matrix. B) Dendrogram after doing clustering with K=4 of the matrix obtained from method 3 (ICRC) in 581 
the intra-genomic strategy. Gray boxes establish the separation of the genomes in 4 groups, while the green, 582 
blue, yellow and red colors establish the assignation of each genome into a group.  583 
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 589 

 590 
Figure 9. Five monophyletic groups are represented in images after ICRC method in the intra-genomic 591 
application: Proteobacteria [1], Spirochaetes [2], Bacteroidetes [3], Tenericutes [4] and Aquiface [5]. The 592 
comparison of 2 representative images from the five selected groups allowed seeing relevant differentiations of 593 
their color patterns at the Phylum level related with genomic composition measurements 594 
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Table 1. Description of the top 3 variables with highest contribution to each color channel for three Bacterial 597 
genomes 598 

 599 
 600 

Table 2. Description of the top 3 fragments with highest contribution to each color channel for three Bacterial 601 
genomes 602 

 603 
 604 

 605 

 606 
 607 
 608 
 609 
 610 
 611 
 612 
 614 

R = 12 
Expected 
value = 8.33% 

TTTT (61.03%) 
CATT (6.09%) 
TCAT (5.79%) 

TTTT (72.19%) 
GAAT (5.85%) 
GATT (4.62%) 

TTTT (79.76%) 
CATT (3.25%) 
CAAT (2.95%) 

G = 39 
Expected 
value = 2.56% 

TCTG (10.03%) 
GTAT (8.06%) 
TCAG (8.58%) 

TTGG (29.49%) 
CTAT (7.71%) 
GGTT (7.44%) 

TACT (13.03%) 
ACTT (10.29%) 
TAGT (9.50%) 

B = 41 
Expected 
value = 2.43% 

CCGG (22.28%) 
CGGT (15.86%) 
TGGC (10.88%) 

TTCC (10.89%) 
TCCC (9.05%) 
CCTT (8.29%) 

CCGG (21.92%) 
TCCG (12.97%) 
CCGT (8.57%) 

Genomes 
Escherichia coli 042 

[Proteobacteria] 
No.Fragments = 971 

Leptospira biflexa 
[Spirochaetes] 

No.Fragments = 667 

Bacteroides vulgatus 
[Bacteroidetes] 

No.Fragments = 957 

Red Channel 
804 (3.23%) 
640 (2.25%) 
603 (2.25%) 

80 (2.43%) 
385 (1.68%) 
265 (1.43%) 

627 (2.06%) 
412 (1.78%) 
957 (1.64%) 

Green Channel 
909 (3.01%) 
910 (2.36%) 
908 (2.29%) 

420 (2.71%) 
423 (2.33%) 
425 (2.26%) 

733 (1.59%) 
228 (1.51%) 
184 (1.39%) 

Blue Channel 
790 (2.09%) 
640 (1.97%) 
804 (1.93%) 

423 (2.14%) 
426 (1.81%) 
422 (1.71%) 

236 (1.91%) 
228 (1.84%) 
851 (1.57%) 

Genomes 
Escherichia coli 042 

[Proteobacteria] 
No.Fragments = 971 

Leptospira biflexa 
[Spirochaetes] 

No.Fragments = 
667 

Bacteroides 
vulgatus 

[Bacteroidetes] 
No.Fragments = 

957 



Supplementary Material 
 

Table S1. Results of statistical analysis after the inter-genomic validation. Tests with numbers highlighted in green 
mean that these had results with significant p-values, while numbers highlighted in orange mean that these 
had results close to p-values lower than 0.05.  

Methodology Test Comparison Mantel 
statistic r 

Significance 

Method 1 (DPR) 
 
 
 

Mantel Uncorrected Cosine 
Reference (UCR)- Cosine 
Matrix Whole Genome 
Frequency (CMWGF) 

 0.1023 0.003  

Chi-squared UCR-MWGF  
----------------- 

K=3  
0.06686 
 
K=4  
0.003675 
 

Method 2 (IPRC) Mantel ---------------------------------- ----------------- ---------------- 

Chi-squared Uncorrected Reference (UR)- 
Euclidean Matrix Whole 
Genome Frequency 
(EMWGF) 

----------------- K=3  
 0.0612 

Method 3 (ICRC) Mantel ---------------------------------- ----------------- ---------------- 

Chi-squared Uncorrected Reference (UR)- 
Euclidean Matrix Whole 
Genome Frequency 
(EMWGF) 

----------------- K=3 
0.05256 
 
K=4 
0.06365 

 



 

Figure S1. Barplots with the contribution of variables and individuals (fragments) to three color channels after 
using the DPR method 



 
Figure S2. Biplot of the variables from each color channel after implementing the DPR method 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 
 
 

 

 
Figure S3. Corplots ordered by phylum of the 52 Bacterial genomes (x and y –axis correspond to the genome 
ids) obtained after applying the method 2 (IPCR) in the inter-genomic validation. The color bars with numbers 
in the x-axis of plot A mean orange [1]: Proteobacteria, darkblue [2]: Spirochaetes, green [3]: Bacteroidetes, 
dark gray [4]: Tenericutes, pink [5]: Aquificae. Plots A and B: A (Rank Uncorrected Distmat) and C (Euclidean 
matrix Whole Genome Frquency M2) are corplots obtained from the 16S rRNA reference with the only 
difference that B is the corplot of the reference after getting a dissimilarity matrix using Euclidean metric. The 
blue circles with the orange different signs mean that there is a low correspondence between the pixels of the 
delimited areas, when comparing A vs B, while the circle in purple mean that there is some correspondence 
between the delimited areas in the plots. 

 
 

 
 
 
 
 
 
 
 
 
 
 
 



 

 
 

Figure S4. Barplots with the contribution of variables and individuals to the red channel after using the ICPR method (Above 
plots). Biplot of the variables and their contribution to the red channel after implementing the ICPR method (Below plot).  
 
  



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

 

 

 

 

 

 

 

Figure S5. Barplots with the contribution of variables (Upper plot) and individuals 
to the green channel after using the ICPR method (Lower plot).  
 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure S6. Biplot of the variables and their contribution to the green channel after implementing the ICPR 
method.   
 
 

 
 
 
 
 
 
 
 
 
 



 

 

Figure S7. Barplots with the contribution of variables and individuals to the blue channel after using the ICPR 
method (Above plots). Biplot of the variables and their contribution to the blue channel after implementing the ICPR 
method (Below plot).   



 

 
Figure S8. Corplots ordered by phylum of the 52 Bacterial genomes (x and y –axis correspond to the genome 
ids) obtained after applying the method 3 (ICRC) in the inter-genomic validation. The color bars with numbers 
in the x-axis of plot A mean orange [1]: Proteobacteria, darkblue [2]: Spirochaetes, green [3]: Bacteroidetes, 
darkgray [4]: Tenericutes, pink [5]: Aquificae. Plots A and B: A (Rank Uncorrected Distmat) and C (Euclidean 
matrix Whole Genome Frquency M3) are corplots obtained from the 16S rRNA reference with the only 
difference that B is the corplot of the reference after getting a dissimilarity matrix using Euclidean metric. The 
blue circles with the orange different signs mean that there is a low correspondence between the pixels of the 
delimited areas, when comparing A vs B, while the circle in purple mean that there is some correspondence 
between the delimited areas in the plots. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



Table S2. Results of statistical analysis after the intra-genomic validation. Tests with numbers highlighted in green 
mean that these had results with significant p-values, while numbers highlighted in orange mean that these 
had results close to p-values lower than 0.05. 

Methodology Test Comparison Mantel 
statistic r 

Significance 

Method 1 (DPR) 
 
 
 

Mantel ---------------------------------- ----------------- ----------------- 

Chi-squared Uncorrected Reference 
(UR) y Median Euclidean 
Fragmented Whole 
Genome (MEFWG)  

 K=4, Normal 
0.007804 
 
K=5, Normal 
0.08144 

Method 2 (IPRC) Mantel ---------------------------------- ----------------- ----------------- 

Chi-squared ---------------------------------- ----------------- ----------------- 

Method 3 (ICRC) Mantel Before 
Pixel  

Uncorrected Ref - 
CoeffRV from PCA 
Fragmented Genome 

0.07906 0.05 

Uncorrected Ref Cosine- 
CoeffRV from PCA 
Fragmented Genome 
Cosine 

0.06415  0.047 

Chi-squared 
Before Pixel  
 

Uncorrected Ref - Median 
Euclidean Fragmented 
Whole Genome 

----------------- K=2, Cosine 
0.06725 
 
K=3, Normal 
 0.05082 
 
K=4, Normal 
0.06019 

Uncorrected Ref- CoeffRV 
Fragmented Whole 
Genome 

----------------- K=2, Cosine 
0.06725 
 
K=3, Normal 
0.09961 
 



Mantel After 
Pixel  

Uncorrected Ref - 
CoeffRV from PCA 
Fragmented Genome 

0.07971   0.069  

Uncorrected Ref Cosine- 
CoeffRV from PCA 
Fragmented Genome 
Cosine 

0.06344  0.046 

Chi-squared 
After Pixel  
 

Uncorrected Ref - Median 
Euclidean Fragmented 
Whole Genome 

----------------- K=3, Normal 
0.05082 
 
K=4, Normal 
0.06019 

Uncorrected Ref- CoeffRV 
Fragmented Whole 
Genome 

----------------- K=3, Normal 
0.09961 

 
 


