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SUMMARY 27 

Self/non-self discrimination by vertebrate immune systems is based on the recognition of the 28 

presence of peptides in proteins of a parasite that are not contained in the proteins of a host. 29 

Therefore, a reduction of the number of 'words' in its own peptide vocabulary could be an 30 

efficient evolutionary strategy of parasites for escaping recognition.  31 

Here, we compared peptide vocabularies of 30 endoparasitic and 17 free-living 32 

unicellular organisms and also 8 multicellular parasitic and 16 multicellular free-living 33 

organisms. We found that both unicellular and multicellular parasites used a significantly 34 

lower number of different pentapeptides than free-living controls. Impoverished pentapeptide 35 

vocabularies in parasites were observed across all five clades that contain both the parasitic 36 

and free-living species. The effect of parasitism on a number of peptides used in an 37 

organism’s proteins is larger than effects of all other studied factors, including the size of a 38 

proteome, the number of encoded proteins, etc. This decrease of pentapeptide diversity was 39 

partly compensated for by an increased number of hexapeptides.  40 

Our results support the hypothesis of parasitism-associated reduction of peptide 41 

vocabulary and suggest that T-cell receptors mostly recognize the five amino acids-long part 42 

of peptides that are presented in the groove of MHC molecules. 43 

 44 

Key words: Peptide vocabulary usage, MHC-based recognition, immune evasion strategy, 45 

immunity, antigenic presentation, proteomics. 46 
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KEY FINDINGS: 55 

 Major factor influencing richness of peptide vocabulary is parasitic style of life 56 

 Parasites use impoverished pentapeptide and tetrapeptide vocabularies 57 

 Most probable targets of T-cells recognition are pentapeptides and tetrapeptides 58 

 59 

 60 

 61 

INTRODUCTION 62 

MHC-based immunity recognition 63 

The immune system recognizes the presence of proteins of foreign origin by the occurrence of 64 

peptides that are not present in a host's own proteins.   65 

As a part of the host-parasite evolutionary arms race, a parasite could decrease the 66 

probability of its recognition by reducing the number of different peptides (‘words’) in its 67 

vocabulary (vocabulary reduction), and by mimetizing the peptide vocabulary of its host 68 

(vocabulary mimicry) (Flegr, 2011). It could therefore be expected that parasitic organisms 69 

will have a lower number of different peptides in their proteome than free-living organisms.  70 

Almost all cells in vertebrate bodies (except, e.g., for sperm and trophoblast) (King et 71 

al., 2006) present fragments of proteins, i.e. short peptides, on their surface (Lanzavecchia, 72 

1985). These peptides are captured in the grooves of MHC class I molecules on the surface of 73 

somatic cells and MHC class II molecules on the surface of specialized antigen presenting 74 

cells (APC). The peptides can be recognized as non-self by the T-cells that carry molecules of 75 

a T-cell receptor with matching specificity. Each young T-cell carries one type of T-cell 76 

receptor with an affinity toward certain self or non-self peptide. The population of T-cells is 77 

subjected to negative selection in a thymus. In this process, all T-cells carrying a receptor that 78 

recognizes any peptide presented in the thymus die or are functionally incapacitated. 79 

Therefore, when a mature T-cell recognizes a peptide outside the thymus, it is most probably 80 
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a non-self peptide that originated from the proteins of a parasitic organism. Such proteins are 81 

either synthesized in a particular host cell (typically the peptides of viral origin presented on 82 

MHC class I molecule) or originated from the proteins of parasites engulfed by APC 83 

(typically the peptides presented on MHC class II molecule) (Craiu et al., 1997; Neefjes & 84 

Ovaa, 2013; Trombetta & Mellman, 2005). 85 

The mechanism of MHC-based self/non-self discrimination suggests that the number 86 

of different peptides in a vocabulary, i.e. the number of potential targets for T-cell 87 

recognition, is a critical parameter in the host-parasite arms race and therefore also an 88 

important object of natural selection in parasitic organisms. The standardized size of any 89 

vocabulary can be expressed as the vocabulary usage, the ratio of the actual vocabulary size 90 

(the number of all different words) to the maximal combinatorially possible vocabulary size  91 

(Orlov & Potapov, 2004; Popov et al., 1996). 92 

Here we searched for indices of reduced peptide vocabulary in parasites by comparing 93 

the vocabulary usage of proteomes of 38 endoparasites (8 multicellular parasitic helminths, 30 94 

unicellular protozoan parasites) with 33 free-living eukaryotic organisms.  95 

 96 

METHODS 97 

  98 

Organisms Predicted proteomes – whole sets of proteins of given organisms – were obtained 99 

from the NCBI GenBank database and from the Sanger Institute. To provide sufficient length 100 

for a peptide vocabulary usage assay, only the organisms with proteome larger than 1MB 101 

(size of a briefly annotated FASTA formatted file) were included in the study. The complete 102 

list of species is available in supplementary table S1. 103 

This study was strongly limited by the availability of proteomes of sufficient size. 104 

Some desirable proteomes are not presently available or they are too short to be included in 105 

the analysis. Also, we tried to include only those species that are unambiguously parasitic or 106 

free-living. Similar problem with the classification of organisms arises with uncertainties 107 

concerning the cellularity of organisms. We classified colonial Volvox carteri or cellular slime 108 

molds forming Dictyostelium discoideum and Polysphondylium pallidum as unicellular. We 109 

did not include prokaryotic organisms in this study due to their completely different status in 110 

evolution and different genomic structure as compared to eukaryotes. We also excluded fungi 111 
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species because most of them have either short proteomes or are difficult to classify according 112 

to our criteria of parasitism (such as potato late blight Phytophthora infestans and other plant 113 

pathogens, and enthomopathogenic ectoparasites such as genus Metarhyzium).  114 

 115 

Data filtration and standardization  116 

Groups of proteins of common origin differing from each other in only a limited number of 117 

amino acids (homologs and paralogs) are present in all eukaryotic proteomes. Only one 118 

representative of such protein family was retained and all others were excluded from analyzed 119 

proteome to avoid an artificial decrease of vocabulary size in homologs and paralogs-rich 120 

proteomes during our data sampling step, see below. Similarly, comments, annotations, and 121 

special characters occurring in sequences (coding unknown amino acids, gaps etc.) were 122 

filtered out during the loading procedure. Although they occur only rarely in the proteomes, 123 

they would cause a pronounced artificial inflation of alphabet size – the parameter that has a 124 

substantial effect on the size of vocabulary usage. 125 

To perform a particular proteome filtration, proteins were read one by one from the 126 

input text file. Our computer program randomly selected k peptides of length n from each 127 

input protein and compared these peptides with all previously read proteins. If at least one 128 

matching peptide was found, then the protein was considered as a homolog or paralog of a 129 

previously read protein and was excluded from the filtrated proteome. The default length of 130 

compared peptides (n) was set to 16 and the number of selected samples per protein (k) was 131 

set to 5 for most organisms. Organisms with many homologs and paralogs, such as plants, 132 

required a higher k – up to 20; otherwise the filtration was not strict enough. It was possible to 133 

directly verify the correct parameter settings by visual inspection of the graphical 134 

representation of vocabulary usage, as the vocabulary usage of 16-peptides (or longer k-mers 135 

as explained above) approached 1 in non-redundant (sufficiently filtrated) proteomes. 136 

 137 

 138 

Data analysis 139 

Theoretical background 140 
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Methods based on counting oligomers in nucleotide or amino acid sequences are known as 141 

“linguistic-like” (Bolshoy, 2003). Linguistic-like tools are built on classical Shannon’s 142 

technique of n-gram text decomposition, where n-gram is a word of length n. Main inputs are 143 

the length of sequence, the size of the alphabet and the length of n-grams (oligomers) 144 

(Volkovich et al., 2005). The sequence is split into the list of n-grams (words) of given length 145 

(called vocabulary). This method was first used by Beckmann and colleagues (1986) for 146 

searching for species-specific “genomic signatures”. Gatherer (2007) improved this method 147 

and demonstrated the existence of such peptide vocabulary signatures.  Using linguistic 148 

techniques, Pietrokovski and Trifonov (1992) identified presence of sequences of foreign 149 

origin in the yeast mitochondrial genome. Motomura and colleagues (2012) used analogy 150 

between zipf´s -like distribution of words in English and that of short oligopeptides in 151 

proteins. They detected a fraction of frequently used sequences and suggested possible 152 

functional importance of certain “short constituents amino acid sequences” (SCSs). 153 

Interestingly, these SCSs are tetra, penta and hexamers, which are oligomers of the same 154 

lengths, as we found in our study to be important for MHC recognition, see below.  There are 155 

attempts to show further analogies between human texts and genetic sequences (Eroglu, 2014; 156 

Gimona, 2006; Popov et al., 1996; Zemkova et al., 2014), since both kinds of “texts” are built 157 

from discrete units from defined alphabets. The linguistic methods are often used to study a 158 

complexity, e.g., the richness (the diversity) of the vocabulary of particular genomic 159 

sequences. Some of such algorithms, for example the Wooton- Federhen index, are 160 

implemented and widely used bioinformatics tools, e.g., in BLAST (Sharon et al., 2005; 161 

Wootton & Federhen, 1993).  162 

 163 

Data analysis 164 

Since the peptides are trimmed randomly without any relation to the peptide function, we used 165 

concept of simple vocabulary usage (as defined further below in eq. 1) to measure the 166 

diversity of oligopeptides of particular organisms of length n ranging from 4 to 12 among the 167 

random samples of 1 000 000 n-length peptides from each proteome. Thus the final size of 168 

compared proteomes was the same. The upper bound (12 amino acids) reflects the usual 169 

length of trimmed peptides that are loaded to MHC molecules  (Trombetta & Mellman, 2005).  170 



7 
 

The vocabulary usage Un of a given organisms is defined as the ratio of the actual Un,a 171 

vocabulary size (the number of different peptides) to the maximal combinatorially possible 172 

vocabulary size Un,max  for peptide length n.  173 

                 𝑈𝑛 = 𝑈n,a/𝑈𝑛,max (1) 

 174 

                    175 

The theoretical number of combinatorially possible peptides of length n (Un,max) was 176 

computed as follows:  177 

                 𝑈𝑛,max = min(1000000, 𝑠𝑛) (2) 

                   178 

where n is the peptide length, and s is the alphabet size, i.e. 20 for amino acid alphabet. 179 

Computation was done first for data without filtration (containing paralogs) and then for 180 

filtered data.  181 

Principal Component Analysis (PCA) from a covariance matrix (unrotated) (Rencher, 182 

2002)  was used to reduce the number of 9 dependent variables (vocabulary usage indexes for 183 

length of words from 4 to 12 amino acids) to 4 independent principal components – each 184 

explaining more than 1% of variability. Correlations of these factors with focal binary 185 

variables were computed with ANCOVAs (type III. sum of squares). Four proteome 186 

characteristics (length of proteome before filtration, length of filtered proteome, number of 187 

proteins – unfiltered, and number of proteins – filtered) were included in the models as 188 

covariates. Because of the nested character of data (for example no parasitic autotroph exists 189 

in our data set), we could not include all focal variables and all organisms into one complex 190 

model. Instead, we first computed a basic model containing only confounding variables and 191 

then subtracted the amount of variance in vocabulary usage explained by this model from the 192 

amount of variance explained by models containing the confounding variables and one focal 193 

binary variable: namely parasitism, unicellular parasitism, multicellular parasitism, 194 

multicellularity and heterotrophy, respectively. Exact variant of binomial sign test for 195 

dependent samples  (Sheskin, 2003) was used to search for the overrepresentation of clades in 196 

which the parasitic species had impoverished peptide vocabulary in comparison with the free 197 

living species. For all statistical computations, standard Base-package of R software was used. 198 
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Code availability Our software: “Complexity G” is available at figshare 199 

https://figshare.com/articles/Raw_proteomic_data_for_analysis_of_peptide_vocabulary_usag200 

e/3491057  201 

 202 

RESULTS  203 

Vocabulary usages for peptides of lengths from 4 to 12 amino acids (U4–U12) were computed 204 

for 71 proteomes of different organisms (see Supplementary table S1). Individual values of 205 

U4–U12 of all proteomes are listed in the Supplementary table S2. As nine variables Un were 206 

highly correlated, we used the method of principal component analysis to reduce the number 207 

of variables and to obtain independent composite variables – the principal components (PC). 208 

The first four PC had eigenvalues higher than 1 and explained 99.9% of the variability in 209 

vocabulary usage (Fig. 1). The first two principal components (PC1 and PC2) were loaded 210 

mostly by pentapeptide and hexapeptide vocabularies (U5 and U6). PC1 was negatively loaded 211 

by pentapeptides and positively by hexapepeptides, while PC2 was negatively loaded by all 212 

types of peptides, except tetrapeptides. PC3 was positively loaded by hexapeptides and 213 

negatively by tetrapetides, and peptides longer than seven amino acids (U7–U12). PC4 was 214 

positively loaded primarily by tetrapetides, and also partly by hexapeptides.  215 

 216 

Figure 1: Four principal components explain 99.9 % of interspecies variability in 217 

peptide vocabulary usage. 218 

 219 

Vocabulary usage can be influenced by parasitism and also by various non-ecological 220 

factors, such as the complexity of an organism, genome redundancy, etc. Therefore, we used 221 

simple multivariate ANCOVAs to find out which parts of interspecies variability in 222 

vocabulary usage (independent variables PC1-PC4) could be explained by four factors that 223 

reflect the size and redundancy of proteomes (size of proteome, size of non-redundant part of 224 

proteome, number of proteins in whole proteome, and number of proteins in non-redundant 225 

part of proteome), and which parts could be explained by parasitism or other binary factors. 226 

Because of the nested character of the data, a separate multivariate analysis was performed for 227 

each binary variable of interest, namely for parasitism (parasites vs. free-living organisms), 228 

unicellular parasitism (unicellular parasites vs. unicellular free-living organisms), 229 
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multicellular parasitism (multicellular parasites vs. multicellular free-living organisms), 230 

multicellularity (unicellular vs. multicellular organisms), endoparasitism (extracellular 231 

parasites vs. intracellular parasites) and heterotrophy (heterotrophs vs. autotrophs), see Table 232 

1 and Table 2. 233 

Table 1: Effects of form of parasitism, multicellularity, and heterotrophy on peptide 234 

vocabulary usage. 235 

 236 

Table 2: Effects of proteome size on peptide vocabulary usage. 237 

 238 

The strongest and the most significant effect observed in our data was a positive effect 239 

of parasitism on the PC1, i.e. on the variable explaining the largest part of interspecies 240 

variability in the vocabulary usage. Parasites had relatively impoverished pentapeptides and 241 

tetrapeptides, and relatively enriched hexapeptide vocabularies. Parasitism explained nearly 242 

6.5% of this variability, while, for example, all four variables describing size and redundancy 243 

of proteome together explained less than 4% of this variability (Supplementary table S3). The 244 

main factor influencing PC2 was the unicellularity/multicellularity of organisms. Unicellular 245 

organisms had relatively impoverished vocabularies (especially the pentapeptides and 246 

hexapeptides vocabularies), except the tetrapeptides vocabulary. PC3 was negatively 247 

influenced by parasitism; the parasites had relatively impoverished pentapeptides and 248 

hexapeptides vocabularies and enriched all other vocabularies. Extracellular parasites (both 249 

unicellular and multicellular) had generally higher values of PC4, i.e., they had relatively 250 

enriched tetrapeptide and hexapeptide vocabularies and relatively impoverished other 251 

vocabularies (in comparison with intracellular parasites, not with free living organisms). The 252 

Contribution of particular effects to each principle component is summarized in Table 1.  253 

The distribution of parasitic and free-living organisms within the two-dimensional 254 

space as defined by two principal components correlated with parasitism (PC1 and PC3) is 255 

shown in the Fig. 2. Parasitic organisms are clustered on the right side of the graph. 256 

Multicellular free-living and parasitic organisms are shifted left-down in comparison with 257 

unicellular free-living and parasitic organisms. The two-dimensional space defined by PC1 258 

(correlated with parasitism) and PC2 (correlated with multicellularity) is shown in 259 

Supplementary figure S4 and the two-dimensional space defined by PC1 (correlated with 260 

parasitism) and PC4 (correlated with intracellularity) is shown in Supplementary figure S5.  261 
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Because of the existence of a phylogenetic relation between the analyzed organisms, 262 

the results of our statistical analysis could be influenced by the effect of pseudoreplications. 263 

To eliminate this effect, we used an exact variant of binomial sign test for dependent samples  264 

(Sheskin, 2003)to search for the overrepresentation of clades in which the parasitic species 265 

had impoverished peptide vocabulary in comparison with the free living species. Only five 266 

clades contained both parasitic and free-living organisms (Kinetoplastids, Ciliates, 267 

Nematodes, Opisthokonts and SAR). Within all five pairs, the mean value of PC1 was higher 268 

for the parasitic than for the free-living organisms (p = 0.031). No correlation existed between 269 

PC1 and PC3. Therefore, it was also possible to compare the mean PC3 of parasitic and free-270 

living organisms within the same 5 clades. Again, the mean value of PC3 was lower for 271 

parasitic organisms in all 5 clades. Global tests for all ten pairs (Table 3) showed highly 272 

significant (p < 0.001) support for our hypothesis of lower peptide vocabulary diversity 273 

(namely higher PC1 and lower PC3) in parasitic organisms.  274 

Figure 2: Effect of parasitism on peptide vocabulary usage 275 

 276 

 277 

Table 3: Comparison of 5 clades containing both-parasitic and free-living organisms for 278 

values of PC1 a PC3 279 

 280 

 281 

DISCUSSION  282 

Our results suggest that the number of different peptides per proteome could reflect an 283 

ecological strategy of these species, namely the difference between parasitic and non-parasitic 284 

organisms. Nearly all variability (99.9%) of vocabulary usage in eukaryotic organisms was 285 

explained by four principle components. PC1, the factor explaining nearly 60% of 286 

interspecies variability (59.5%), was influenced most strongly by the effect of parasitism and 287 

less strongly by the length of a filtered proteome, i.e., size of non-redundant part of the 288 

proteome. PC2 was influenced by the unicellularity/multicellularity of the organism, PC3 was 289 

influenced by parasitism in multicellular organisms and PC4 reflected differences between 290 

extracellular and intracellular parasites. 291 
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The final richness of any peptide vocabulary is the result of several independent forces which 292 

differ in strength (reflected by amount of explained variability) and direction. Some of them, 293 

like the strong primary effect of parasitism (PC1) had positive influence on the size of the 294 

hexapeptide vocabulary, while another, like weaker effect unicellularity (PC2), and much 295 

weaker secondary effect of parasitism (PC3) had negative effect on the size of the 296 

hexapeptide vocabulary. It is possible, that the PC3 could reflect an existence of some 297 

mechanism which, in parasites, could increase size of the longer peptides vocabularies in 298 

order to partly compensate the reduction of shorter peptides vocabularies. 299 

From all factors studied, including the lengths of proteomes, parasitism had the 300 

strongest effect on peptide vocabulary usage. We detected this effect independently in two 301 

sets of organisms, multicellular organisms and unicellular organisms. The results suggest that 302 

parasites have lower diversity of pentapeptides, which is partly compensated for by higher 303 

diversity of hexapeptides. It can be hypothesized that T-cells recognize peptides of five 304 

aminoacid residues in length when attached in the groove of MHC I protein. The length of 305 

trimmed peptides, which are loaded onto MHC I protein, is about 8 – 10 amino acids and the 306 

length of those loaded on MHC II is even higher. However, it was experimentally shown that 307 

only the residues at the top of the binding groove are recognized by T-cell receptors while 308 

those at bottom of the groove are used to bind the peptide to the groove of MHC protein  309 

(Vyas et al., 2008). Peptides usually contain only 2 or 3 amino acids that are critical for T-cell 310 

recognition; however, to trigger the response of the T-cell receptor the peptides must be 311 

longer by at least one or two additional amino acid residues (Vyas et al., 2008). This agrees 312 

with our observation that parasites have the most strongly impoverished pentapeptide and 313 

partly impoverished tetrapeptide vocabulary. It is highly probable that for the preservation of 314 

functionality of proteins some minimal ‘linguistic’ complexity is required. Therefore, 315 

reduction at the level of pentapeptides and tetrapeptides should probably be compensated for 316 

by a richer hexapeptide vocabulary.  317 

The length of actually recognized parts of peptides on MHC I is lower than on MHC II  318 

(Vyas et al., 2008). The MHC I and MHC II present mostly peptides from intracellular and 319 

extracellular parasites, respectively. Therefore, we could expect that the type of parasitism 320 

(intracellular vs. extracellular) should affect the vocabulary usage – the intracellular parasites 321 

should have more impoverished shorter peptides-vocabularies than longer peptides-322 

vocabularies. Indeed, we observed the effect of this type of parasitism on PC4, i.e., on the 323 

factor loaded mostly by high values of tetrapetides (Supplementary figure S5). The effect of 324 
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intracellularity/extracellularity on vocabulary usage was relatively weak. It must be noted, 325 

however, that some extracellular antigens can also be presented through the MHC I pathway 326 

(in a process known as cross-presentation) (Paz et al., 1999; Trombetta & Mellman, 2005) 327 

and that many seemingly intracellular parasites (such as representatives of the phylum 328 

Apicomplexa) in fact occupy an interior of parasitophorous vacuole – the organelle in some 329 

respects homologous to an extracellular, rather than intracellular, compartment (Lingelbach & 330 

Joiner, 1998). 331 

 Differences between parasites and free-living organisms are clearly visible from the 332 

figures of component scores. Here the parasites are aggregated in a region of positive PC1 333 

values while the free-living organisms are clustered in the region of negative PC1 values. 334 

There are some interesting exceptions to this trend. A rich peptide vocabulary (including 335 

pentapeptides) of Perkinsus marinus can be explained by the fact that its host (oyster) does 336 

not possess an MHC-based immune system. Although free-living, the Ostreococcus tauri has 337 

a highly reduced, parasite-like, peptide vocabulary. This tiny green alga is the smallest and the 338 

most reduced autotrophic eukaryote in our dataset so the reduction of its vocabulary could be 339 

related to its extreme simplicity. We have no explanation for the non-parasite-like (overly 340 

rich) vocabulary of the trematode Clonorchis sinensis, except possible undetected 341 

contamination by genes from cat liver tissue or from any sample processed in the respective 342 

sequencing lab (Wang et al., 2011). When purely transcriptome-based predicted proteins from 343 

(Yang & Wang, 2013) were analysed (downloaded from HelmDB), the position of C. sinensis 344 

in the two dimensional space of PC1 and PC3 moved towards the cluster of parasitic 345 

organisms (Fig. 2). 346 

Though it was not a subject of the present study, we detected the effect of 347 

multicellularity on the second strongest principal component (Supplementary figure S4). 348 

Multicellular organisms, both parasitic and free-living, have relatively richer hexapeptide and 349 

pentapeptide vocabularies, which could be an effect of the higher complexity of multicellular 350 

organisms. It must be noted, however, that only representatives of three phyla of multicellular 351 

organisms (Metazoa, Metaphyta and Charophyta) were included in this analysis. Therefore, 352 

this result may be biased by the effect of pseudoreplications. 353 

Four independent lines of evidence, namely impoverished vocabulary in unicellular 354 

parasites, multicellular parasites, results of a phylogenetic contrast test performed on 5 pairs 355 

of sister taxa, and the fact that Perkinsus (one of the two parasites of hosts lacking MHC in 356 

the analysed dataset) has unreduced peptide dictionary are in an agreement with our a priori 357 
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hypothesis about the reduced peptide vocabulary of parasitic organisms. Other explanations of 358 

the observed pattern, for example the theoretical possibility of the reduction of non-359 

housekeeping proteins in parasites, are of course also legitimate and should be tested when 360 

necessary proteomes become available. The results also suggest that T-cells recognize MHC-361 

attached peptides of lengths 4-5 amino acids, which could possibly be of importance in 362 

vaccine construction. Most of between-species variability of vocabulary usage is among 4-6 363 

amino acids long peptides. This corresponds to length of basic functional units, “words”, 364 

described by Motomura´s hypothesis of short constituent amino acid sequences (Motomura et 365 

al., 2012). Our analysis included all proteomes larger than 1.2MB, which were available by 366 

May 2015. It would be possible to reproduce our findings with future, with newly appearing 367 

proteomes as additional independent datasets. Similarly, it will be possible to use the 368 

developed software for testing the related peptide vocabulary mimicry hypothesis by studying 369 

similarities of peptide vocabularies between parasites and their specific hosts. 370 

 371 
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Legends to figures 382 

Figure 1: Four principal components explain 99.9% of interspecies variability in peptide 383 

vocabulary usage. 384 
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The figure shows particular factor loadings and corresponding percentages of explained 385 

interspecies variability in vocabulary usage. Column labels 4-12 indicate the length of the 386 

peptides, which load the particular principle component. 387 

 388 

Figure 2: Effect of parasitism on peptide vocabulary usage. 389 

Two-dimensional space defined by two principal components correlated with parasitism (PC1 390 

and PC3). Dark and white circles denote the position of parasitic and free-living organisms, 391 

respectively. Larger circles indicate multicellular organisms. We used two proteome datasets 392 

for parasitic trematode Clonorchis sinensis – number 1 corresponds to a proteome derived 393 

from a set of genome-based proteins (assembly v2.0 from NCBI Genomes) whereas the 394 

number 2 corresponds to a transcriptome-based predicted proteome (from HelmDB). 395 

 396 

Tables with their legends 397 

Table 1: Effects of form of parasitism, multicellularity, and heterotrophy on peptide 398 

vocabulary usage. 399 

 400 

The table summarizes the results of analyses of 32 simple multivariate ANCOVA models 401 

with five independent variables: size of proteome, size of non-redundant part of proteome, 402 

number of proteins in proteome, number of proteins in non-redundant part of proteome and 403 

one of focal binary variables listed in the first column. The columns 2-4, 5-7, 8-10 and 11-13 404 

show results (slope beta, % of explained variability, and significance of two-sided test) for 405 

four dependent variables, namely (PC1-4). Significant p-values are printed in bold. Positive 406 

beta value means that the first group of organisms of the compared pair has a higher particular 407 

PCn value than the second group of organisms. For example in the first row, parasites have 408 

significantly higher PC1 values than free-living organisms. Signs of correlation of PC1-4 with 409 

vocabulary usage are indicated with an arrow in the legend of each principle component and 410 

the size of the arrow illustrates the strengths of this effect, for details see Fig. 1. 411 

 412 

 413 

Table 2: Effects of proteome size on peptide vocabulary usage. 414 
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 415 

The table summarizes the results of analyses of four simple multivariate ANCOVA models 416 

containing all four independent variables (column 1) and one dependent variable, i.e., the 417 

component PC1, PC2, PC3 or PC4. The beta value computed by ANCOVA indicates size and 418 

direction of the effects of four parameters characterizing the size of the proteome on particular 419 

principal components. p-value is a two-sided statistical significance. Significant p-values are 420 

printed in bold. 421 

 422 

 423 

Table 3: Comparison of 5 clades containing both-parasitic and free-living organisms for 424 

values of PC1 a PC3. 425 

Average values of PC1 and PC3, p-value for exact binomial test are 0.031 for 5 pairs and 426 

0.0009 for 10 compared pairs. 427 

 428 

 429 

Supporting information with their legends 430 

 431 

Supplementary table S1: Table of species. 432 

Complete list of 72 eukaryotic species. Organisms were classified according to the last 433 

revision of eukaryotes made by Adl and colleagues (2012) (Adl et al., 2012) E. dispar is not a 434 

parasite but a commensal of the human gut which is almost morphologically identical to the 435 

pathogenic E. histolytica (Diamond and Clark, 1993; Hamzah et al., 2006) (Diamond & 436 

Clark, 1993; Hamzah et al., 2006). Although it is not invasive, its tendency to hide from 437 

immunity systems is the same as with pathogenic parasites, so its position close to  E. 438 

histolytica in the component score space is reasonable. Although Tetrahymena thermophila is 439 

able to switch to a parasitic mode of survival, we included it into the study as a free-living 440 

unicellular organism, because its parasitic tendency seems to be quite rare (Elliott, 1973). 441 

 442 

Supplementary table S2: Individual values of U4-U12 443 
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The table demonstrates certain vocabulary usages for peptides of length 4 to 12 of particular 444 

organisms. As PCA showed, the vocabularies of individual organisms differ mostly in values 445 

of U4-U6 and then the index converges to one.   446 

 447 

 448 

Supplementary table S3: Complete results of ANCOVA. 449 

The table summarizes the results of analyses of four simple multivariate ANCOVA models 450 

containing all five independent variables (column 1) and one dependent component (PC1-4). 451 

The beta value computed by ANCOVA indicates the size and direction of effects of five 452 

parameters characterizing the size of the proteome on particular principal components. P- 453 

value is a two-sided statistical significance of corresponding beta.  454 

Coefficient of determination R2 indicates the total variability explained by the model. 455 

Variability proportions of individual factors were obtained from type III sum of squares.    456 

 457 

 458 

Supplementary figure S4: Effect of parasitism and multicellularity on peptide 459 

vocabulary usage.  460 

Parasitic organisms (dark circles) occupy the right part of the graph – the positive values of 461 

PC1, while free-living organisms (white circles) are located mostly in the left part of the 462 

graph. Unicellular organisms (small circles) mostly contribute to positive values of PC2 463 

(generally poor vocabulary) while multicellular organisms (larger circles) have negative 464 

values of PC2. The small group of organisms at the bottom of the graph (indicated by ellipse) 465 

consists exclusively of organisms with the shortest proteomes, with lengths from 1,2MB to 466 

1,7MB. These organisms made a separate cluster because their vocabulary usage is relatively 467 

richer compared to that of species with a longer proteome. Although their actual vocabulary is 468 

poorer, it occupies a larger part of combinatorially possible words, so their vocabulary usage 469 

(as defined in eq.1) is richer. 470 

 471 

 472 
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Supplementary figure S5: Effect of parasitism and intracellularity on peptide 473 

vocabulary usage.  474 

Two-dimensional space defined by two principle components correlated with parasitism (PC1 475 

and PC4). Dark and white circles denote the position of parasitic and free-living organisms, 476 

respectively. Triangles indicate extracellular parasites. Larger objects indicate multicellular 477 

organisms. The area of positive values of both PC1 and PC4 is occupied mostly by 478 

extracellular parasites (both multicellular and unicellular – except of intracellular parasites 479 

Babesia bovis, B. equi. and Cryptosporidium parvum. * Trypanosoma cruzi occupies both 480 

during its life cycle – intracellular and extracellular environment (Diamond & Clark, 1993; 481 

Tyler & Engman, 2001). Our results show that it has rather extracellular-like vocabulary 482 

usage.  483 

 484 
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 Legends to figures 573 

Figure 1: Four principal components explain 99.9% of interspecies variability in peptide 574 

vocabulary usage. 575 

 576 

 577 

The figure shows particular factor loadings and corresponding percentages of explained 578 

interspecies variability in vocabulary usage. Column labels 4-12 indicate the length of the 579 

peptides, which load the particular principle component. 580 

  581 
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Figure 2: Effect of parasitism on peptide vocabulary usage. 582 

 583 

 584 

Two-dimensional space defined by two principal components correlated with parasitism (PC1 585 

and PC3). Dark and white circles denote the position of parasitic and free-living organisms, 586 

respectively. Larger circles indicate multicellular organisms. We used two proteome datasets 587 

for parasitic trematode Clonorchis sinensis – number 1 corresponds to a proteome derived 588 

from a set of genome-based proteins (assembly v2.0 from NCBI Genomes) whereas the 589 

number 2 corresponds to a transcriptome-based predicted proteome (from HelmDB). 590 

 591 

  592 
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Tables with their legends 593 

 594 

 595 

 596 

  597 
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Table 1: Effects of parasitism, form of parasitism, multicellularity, and heterotrophy on 598 

peptide vocabulary usage. 599 

  PC1 (59.5%) PC2( 34.2%) PC3 (3.9%) PC4 (2.3%) 

  ↓U5 ↑ U6 ↓U5 ↓U6 ↓U4,7-12 ↑ U6 ↑ U4,↑ U6,  ↓U7-12 

  beta % 

p-

value beta % 

p-

value beta % 

p-

value beta % 

p-

value 

Parasitism – Non-

parasitism 0.0661 6.5 0.000 0.0332 2.8 0.137 -0.0158 5.7 0.041 0.0077 2.3 0.196 

Unicellular parasitism – 

Unicell. non-parasitism 0.0567 5.7 0.007 0.0345 2.4 0.220 -0.0038 0.3 0.680 0.0095 2.7 0.260 

Multicell. par.  – 

Multicell. non-

parasitism 0.0627 5.3 0.001 -0.0190 1.6 0.545 -0.0296 16.4 0.057 0.0081 6.2 0.190 

Unicellularity  –  

Multicellularity 0.0409 2.6 0.008 0.0761 15.6 0.000 -0.0012 0.0 0.877 -0.0108 4.6 0.064 

Unicell. parasitism – 

Multicell. parasitism 0.0481 6.5 0.105 0.1237 17.7 0.002 0.0044 0.2 0.759 0.0029 0.1 0.825 

Unicell. non-

parasitism– Multicell. 

non-parasitism 0.0412 3.8 0.025 0.0709 14.5 0.022 -0.0076 1.5 0.493 -0.0125 9.5 0.076 

Intracelullar 

parasitism– Extracell. 

parasitism -0.0121 0.7 0.585 0.0207 0.8 0.495 0.0115 2.2 0.275 -0.0282 17.4 0.004 

Heterotrophy – 

Autotrophy 0.0217 0.7 0.189 -0.0374 3.4 0.103 -0.0092 1.8 0.255 0.0165 9.8 0.006 

The table summarizes the results of analyses of 32 simple multivariate ANCOVA models 600 

with five independent variables: size of proteome, size of non-redundant part of proteome, 601 
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number of proteins in proteome, number of proteins in non-redundant part of proteome and 602 

one of focal binary variables listed in the first column. The columns 2-4, 5-7, 8-10 and 11-13 603 

show results (slope beta, % of explained variability, and significance of two-sided test) for 604 

four dependent variables, namely (PC1-4). Significant p-values are printed in bold. Positive 605 

beta value means that the first group of organisms of the compared pair has a higher particular 606 

PCn value than the second group of organisms. For example, in the first row, parasites have 607 

significantly higher PC1 values than free-living organisms. Signs of correlation of PC1-4 with 608 

vocabulary usage are indicated with an arrow in the legend of each principle component and 609 

the size of the arrow illustrates the strengths of this effect, for details see Fig. 1. 610 

  611 
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Table 2 Effects of proteome size on peptide vocabulary usage. 612 

 613 

 614 

Table summarizes the results of analyses of four simple multivariate ANCOVA models 615 

containing all four independent variables (column 1) and one dependent variable, i.e., the 616 

component PC1, PC2, PC3 or PC4. The beta value computed by ANCOVA indicates size and 617 

direction of the effects of four parameters characterizing the size of the proteome on particular 618 

principal components. p-value is a two-sided statistical significance. Significant p-values are 619 

printed in bold. 620 

 621 

  622 

Length 

factors 

  PC1     PC2     PC3     PC4   

  beta % p-

value 

beta % p-

value 

beta % p-

value 

beta % p-

value 

Length of 

unfiltered 

proteome 

5.29E-09 0.2 0.436 3.18E-09 0.1 0.737 -4.89E-09 3.0 0.144 1.02E-09 0.2 0.688 

Length of 

filtered 

proteome 

-3.52E-08 3.9 0.002 1.12E-08 0.7 0.465 4.11E-09 0.8 0.444 -5.12E-09 2.1 0.212 

Number of 

proteins 

unfiltered 

data 

-2.75E-06 0.3 0.367 -1.13E-06 0.1 0.790 2.34E-06 3.4 0.119 -3.31E-07 0.1 0.770 

Number of 

proteins 

filtered data 

3.06E-06 0.1 0.544 -1.92E-06 0.1 0.786 -2.61E-06 1.6 0.292 2.55E-06 2.5 0.178 
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Table 3: Comparison of 5 clades containing both-parasitic and free-living organisms for 

values of PC1 a PC3. 

Clade Opisthokonts Kinetoplastids Ciliates Nematods Sar 

  parasites  free-

living  

parasites free-

living 

parasites free-

living 

parasites free-

living 

parasites free-

living 

PC1 0.0404 -0.1190 0.0501 -0.1324 0.1508 -0.2075 0.0193 0.0027 0.0864 0.0271 

PC3 -0.0114 -0.0015 -0.0156 -0.0197 0.0126 0.0050 -0.0263 0.0209 0.0098 -0.0051 

Average values of PC1 and PC3, p-value for exact binomial test are 0.031 for 5 pairs and 

0.0009 for 10 compared pairs. 

 

 

 

 


