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16  Abstract

17  Background: Recent studies have demonstrated that phylogenomics is an important basis for
18  answering many fundamental evolutionary questions. With more high-quality whole genome
19  sequences published, more efficient phylogenomics analysis workflows are required urgently.
20  Results: To thisend and in order to capture putative differences among evolutionary histories
21  of gene families and species, we developed a phylogenomics workflow for gene family
22  classification, gene family tree inference, species tree inference and duplication/loss events
23 dating. Our analysis framework is on the basis of two guiding ideas: 1) gene trees tend to be
24  different from species trees but they influence each other in evolution; 2) different gene
25  families have undergone different evolutionary mechanisms. It has been applied to the
26  genomic data from 64 vertebrates and 5 out-group species. And the results showed high
27  accuracy on speciestree inference and few false-positives in duplication events dating.

28 Conclusons. Based on the inferred gene duplication and loss event, only 9~16% gene
29  families have duplication retention after a whole genome duplication (WGD) event. A large
30 part of these families have ohnologs from two or three WGDs. Consistent with the previous
31  study results, the gene function of these families are mainly involved in nervous system and
32  signal transduction related biological processes. Specifically, we found that the gene families
33 with ohnologs from the teleost-specific (TS) WGD are enriched in fat metabolism, this result
34  implyng that the retention of such ohnologs might be associated with the environmental status
35  of high concentration of oxygen during that period.

36 Keywords: Gene family tree; Species tree; Phylogenomics, Vertebrate; Duplication
37  retention/preservation.
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39 1. Background

40 With the recent advances in next-generation genome sequencing technologies, a large
41 amount of high-quality genomes covering diverse taxa have been published[1]. The
42  development and application of efficient and practical computational methods, such as
43  comparative genomicg[2], are very helpful for scientists to use these data to understand the
44  underlying genetic mechanismg3]. As one kind of comparative genomics strategies,
45  phylogenomicg[4] was firstly raised by Eisen JA in 1998. At first it had been exclusively
46  defined as the prediction of protein functions from a phylogenetic view[4]. While in
47  molecular systematics, phylogenomicsis usually used to infer the evolutionary relationship of
48  species using genome-scale sequencing data[5]. Uniting these two disparate definitions,
49  phylogenomics is now widely regarded as the molecular phylogenetic analysis of
50  genome-scale data setg 6], which can be used for predicting gene function[7-10], inferring
51 evolutionary patterns of macromolecules11-13], establishing the relationships and
52  divergence times of genes/specieq 14, 15], exploring the genome duplicationg 16-19], and so
53  on

54 Phylogenomics data are available in several databases, such as EnsemblCompara]20],
55  PhylomeDB [21] and Panther[22]. But high-quality phylogenomics datais still indispensable.
56  On the one hand, these databases are known to contain many errors and uncertainties[23].
57  Directly using them in orthology detection or genome dynamics study could lead to erroneous
58  resultg24]. The causes of these errors are variable. As far as concerned, these databases
59  considered little in the following two aspects: 1) the differences in histories of genes and
60  species because of a hierarchy of evolutionary processes25]; 2) the different selection stress
61  on duplication/loss events in different gene families. On the other hand, most of these
62  databases only contain data from model species, which is a limitation to the new sequenced
63  genomes. Therefore, we believed an integrative and universal phylogenomics workflow,
64  which is able to capture more differences among the evolutionary processes of different gene
65  familiesand species, isimperative.

66 Here, we constructed a phylogenomics workflow mainly based on OrthoFinder[26],
67  BEAST[27], Guenomu[28], RAXML[29], Notung[30], IQ-TREE[31] and SiCIE[32] aiming
68  toinclude the following two guiding concepts: 1) gene trees tend to be different from species
69  trees but they influence each other in evolution; 2) different gene families have undergone
70  different evolutionary mechanisms. In detail, an efficient species tree inference method and a

71  parameter-learning method were proposed to model the evolutionary differences among
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72  different gene families and species trees. Based on protein sequences and CDSs (coding DNA
73 sequences) from certain species, our workflow was designed to conduct species tree inference
74  and duplication/loss dating following gene families classification and gene family tree
75  inference/modification. As a case study, we applied our workflow to get the gene duplication
76  history of 64 vertebrates genomes.
77 Duplications are of great significance as they would affect single gene, a stretch of several
78  genes, whole chromosomes or even whole genomes and they are considered as the major
79  driving forces for evolution of genetic novelty[33, 34]. However, many basic features of the
80  evolution by gene duplication remain unknown[33, 35]. We applied our workflow on the
81 genomic data of 64 vertebrates and 5 other eukaryotic species from Ensembl v84[36]. A
82  species tree and 9,767 reconciled gene family trees were obtained. These results were then
83 used to explore the WGD retention patterns and features, long-term local duplication
84  preservation events and relative gene functions on vertebrate genomes.
85
86 2. Resultsand Discussion
87 2.1 Anefficient gene tr ee—species tree phylogenomics wor kflow
88  2.1.1Introduction to our phylogenomics workflow
89 A phylogenomics workflow was constructed for multi-species genome evolutionary
90 history exploration. As shown in Figure 1, the whole workflow could be divided into four
91  processes. Under the guidance of the first guiding concept that we have mentioned above, the
92  initial speciestree was inferred based on the posteriors of gene familiestrees under a bayesian
93  supertree model, which take both the gene duplication-loss and multispecies coalescent events
94  into consideration. Meanwhile, inspired by supertree methods, whole genome-wide gene
95  family trees were then used to revise the initial species tree based on the incongruent clades
96  between the initial species tree and the available public species tree. In this way, it is able to
97  efficiently reduce computational complexity by using the available species tree information
98  and guarantee the accuracy by using genome-wide data. Then under the guidance of our
99  second guiding concept, the fourth process in our workflow applied a parameter-learning
100  process, which was designed to conduct gene tree modification and gene duplication/loss
101  events dating. During the duplication/loss dating process, the parameters (event-coss:
102  costdup and costloss) setting makes great influenceq37]. In the previous studieq 11, 20, 21],
103  event-costs were usually set to the same values for all families. Here, we designed a

104  parameter-learning process to find out the optimal parameter set for each gene family, which
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105  may help to capture the difference of selection pressures on gene duplication/loss in different
106  genefamilies.

107  2.1.2 Comparison with other similar works

108 In order to quantify the accuracy of our phylogenomics workflow, we compared the
109  inferred speciestree with the mammals species tree published by Song et al. 2012[38] (Figure
110 Sl in additional file 1) and compared the inferred reconciled gene family trees with
111  EnsemblCompara in ancestral genome content metric, ancestral chromosome linearity
112 metric[24] and duplication consistency score]20]. Here, ancestral genome content metric is
113  based on the assumption that the ancestral genome content sizes should be close to the extant
114  genomes. Ancestral chromosome linearity metric assumed that each gene on ancestral
115  genomes should have zero, one or two neighbors, with a peak at two while genes with three
116  or more neighbors are the errors from the inferences. And duplication consistency score
117  measures the intersection of the number of species post duplication over the union. It’s based
118  on the assumption that most duplication should have the gene persisting at least in an equally
119  likely manner in subsequent lineages 20].

120 Firstly, we compared the inferred final species tree (Figure 2) with Song’'s mammalstree.
121  Among the totally 31 shared species, only the tree shrew showed a incongruent evolutionary
122 location between the two species trees. The correct location of tree shrew along the species
123  treeis still under controversy[39]. Thus, our final species tree shows high accuracy in the
124  mammals' clade.

125 Secondly, according to our reconciled gene family trees, there were 50,916 duplication
126  eventsoccurred in the evolutionary history of 9,767 gene families. For the related 8,514 gene
127  family trees from EnsemblCompara, there were 132,396 duplications. Then, as shown in
128  Table 1, ancestral genome size inferred from our results shows closer average size to extant
129  genomes than EnsemblCompara. As shown in Figure 3A, results from our workflow include
130  much more ancestral genes with two neighbors and less genes with three or more neighbors
131  compared with EnsemblCompara. Figure 3B shows clearly that the vast majority of the
132 duplications from our workflow have a higher duplication consistency score compared with
133  EnsemblCompara. Above al, EnsemblCompara output much more duplication nodes
134  compared with our workflow. The vast majority of these duplications from EnsemblCompara
135 perform worse on the three metrics mentioned above. Furthermore, we inferred another
136  phylogenomics result by following our workflow but without the reconciliation

137  parameter-learning in process 4. Results improved a little by the reconciliation
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138  parameter-learning according to the three metrics. Actually, the reconciliation
139  parameter-learning process might have bring in more improvement on accuracy. Because we
140  can only compare the results based on the 9,767 gene families in our core set while
141  parameter-learning have already helped usto filter out the gene families which easy to receive
142  wrong reconciliation results.

143  2.1.3 Limitations and future development

144 In the species tree inference process, only 527 gene families were used to infer the initial
145  species tree to avoid costing too much computational time to get the gene family tree
146  posteriors. Theoretically, most important information reflected by other gene families will be
147  lost. So we revised the less supported clades on the initial species tree based on genome-wide
148  gene family trees. However, there are two problems. First, algorithms that can deal with
149  genome-wide gene families directly are more preferred. Second, there is no available species
150  treelike the Ensembl speciestree at most times.

151 Algorithms able to directly infer the species tree based on all gene families are more
152  preferred. However, as the representations of the two main categories of such methods,
153  Phyldog and *BEAST are not suitable for big scale family data. Firstly, methods as *BEAST
154  cannot deal with paralogous genes which are common in gene families. Secondly, Phyldog[40]
155  islimited by the sample size. Phyldog was designed to co-estimate genes and species trees
156  under a DL model in a maximum likelihood framework, which get results in a short running
157  time theoretically. Under our test, however, it was out of memory (our computational
158  resource: 4T in memory) when we applied Phyldog on all the 11,698 families by default
159  parameters. Then the family number was reduced to about 130, it can infer a species tree and
160 130 the gene family trees. From the Phyldog species tree (Figure S2 in additional file 1), we
161  can see some obvious mistakes. Perhaps, the MSAs of the selected 130 gene families were
162  not enough to reflect the real relationships of species. We will try to seek or develop an
163  efficient species tree inference algorithm, which is able to co-estimate gene and species tree
164  basing on genome-wide gene families for our workflow in the near future. Currently for our
165  limited computational resources and large-scale data, our workflow may be a good choice. In
166  addition, there is no available species tree like the Ensembl species tree at most times. To
167  overcome this, it could be a proper way to choose two or more gene family sets randomly to
168  get two or more initial species trees and compare the initial trees with each other to get the

169  incongruent clades (Figure S3 in additional file 1).
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170 In  addition, read-through genes might aso cause problems. A
171  read-through/conjoined[41-43] gene is formed at the time of transcription by combining at
172  least part of one exon from each of two or more distinct (parent) genes. In the gene family
173  classification process, read-through genes/proteins will result in some nesting gene families
174  including their parents. Such situations have not been considered in most phylogenomics
175  datasets. In our case study, we seek these nesting gene families (Figure $4 in additional file 1)
176  based on the read-through genes annotated in the GENCODE annotation file of HUMAN
177 (V24) [44] and filtered out 454 such families. However, annotations of
178  read-through/conjoined genes on other genomes are lacking or in low accuracy. It merits
179  further attention to find a better way to deal with these families.

180 2.2 Thefeatures of whole genome duplication on vertebrate evolution

181 It is now clear that there have been three major WGDs in vertebrate genomes evol utionary
182  history. Two (named 1R WGD and 2R WGD respectively) occurred near the base of the
183  vertebrates evolutionary history and the third (named TS WGD) occurred at the base of the
184  teleost fishes evolutionary history [45-49]. Although WGDs are often credited with great
185  evolutionary importance, the processes governing the retention of ohnologs (paralogs
186  generated by WGD) and their biologica significance remain unclear. In this section, we
187  explored the patterns of ohnologs retention and the relative function based on our
188  reconciliation results of 9,767 gene families.

189 We got the gene families with ohnologs retention by seeking the duplications on the
190  reconciled gene family trees and then mapped these duplications onto the speciestree. Similar
191  with previous studieg[50-53], these three WGD-affected ancestral branches show about
192  9%~16% gene duplication retention (additional file 2, supplementary material) which are
193  significantly higher than other ancestral branches (P-value = 0.00193, Wilcox test, Table S1
194  and Figure S5 in additional file 1). Protein-protein interactions (PPIs) are enriched among the
195  members of these gene families according to the human genes and their PPl data (Table S2 in
196  additiona file 1). This might reflect the gene dosage selection effectd54] after WGDs.
197  Ohnologs retention from the 2R WGD might have undergone the weakest dosage selection
198  among these three WGDs. Then based on duplication overlap rates (defined in Materials and
199  Methods), we found that compared with other branches on the species tree, gene families with
200  duplication retentions on the three WGD-affected branches are significantly more overlapped
201  (P-value < 0.05,Fisher exact test). Asshown in Figure 4A, 68 gene families retained ohnologs
202  dfter al the three WGDs and 588 families after at least two WGDs.
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203 According to human gene ontology information, gene families with ohnologs retention
204  dfter these three WGDs are mainly involved in development, signaling and gene regulation
205  (Figure S6 in additional file 1), which are consistent with the previous studieq55-59]. Then
206  wedivided these families into seven classes according to their ohnologs retention pattern after
207  thethree WGDs (Figure 4B). We found the 68 gene families with ohnologs retention after all
208  of the three WGDs (class 1) are mainly involved in functional categories related to neuron,
209  axon, signal and cell growth. Class 2 consists of gene families with ohnologs retention after
210  both the TS and the 1R WGD and class 3 consists of gene families with ohnologs retention
211  after both the TS and the 2R WGD. These two classes show similar GO enrichment results
212  and they are both enriched in functional categories related to neuron, axon and cell-junction.
213  Class4, which consists of gene families with ohnologs retention after both the 1R and the 2R
214  WGDs, are mainly involved in signal transduction. Above all, combined with the results from
215  published studieg 60, 61], nervous sysem and signal transduction related gene families are
216  highly expanded on all vertebrate genomes through these three WGDs. Combined with the
217 PPl enrichment results, this retention pattern may be aresult of gene dosage selection.

218 The other three classes that consist of gene families with all ochnologs from one WGD are
219  enriched in different functional categories and might reflect different retention mechanisms.
220  Wefound that gene familiesin class 7 are enriched in fat metabolism. Further, we used the
221  gene ontology data of zebra fish to redo the GO enrichment analysis, and the results (Figure
222 4C) showed more GO terms involved in fat metabolism, including anabolism and catabolism.
223  Asiswell known, fat releases much more energy than other nutrients such as carbohydrate
224  and protein in exhaustive oxidation and this process costs much more oxygen at the same
225  time. More specifically, acyl-CoA and fatty-acyl-CoA, which included in many enriched
226  hiological processes, are essential products in metabolic process with oxygen consumption.
227  Interestingly, this TS WGD happened at the period that the earth has its highest content of
228  oxygen level (up to 33%) during the evolutionary history of vertebrates (Figure S7 in
229  additional file 1). All of these lead to a suggegtion that the high content of oxygen might be a
230  kind of selection to the duplication retention after the TS WGD to promote fat as a main way
231  to store energy. This might be one reason that fish have more unsaturated fatty and it is worth
232 morediscussion in future works.

233 2.3 Thefeaturesof local duplications on vertebrate genomes

234 It should be noticed that many paralogs in current gene families were not originated by
235 the WGD events mentioned above, but by extensive local duplicationg62]. So we also
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236  identified the local duplications from our reconciliation results to explore such retention
237  pattern in vertebrates. We firstly found that there were many more duplications occurred on
238 the extant species-specific branches than the ancestral ones on the species tree
239  (Kolmogorov-Smirnov test in R, p-value < 2.2e-16, Table S1 in additional file 1). As previous
240  studieg[63, 64] indicated that three steps are responsible for the generation of preserved gene
241  duplications. origin through mutation (duplication), a fixation/spreading phase and a
242  preservation/maintenance phase when the fixed change is maintained. The mgjority of
243 duplications on extant species might still be under the fixation/spreading phase. While most
244  duplications on ancestral genomes might already be under the preservation/maintenance
245  phase for the most recent ancestral genome on our species tree existed 6.5 million years ago,
246  which has already exceeded the average half-life of a gene duplication (approximately 4
247  million years) provided by previous studieq 33].

248 Previous studies always focused on the duplication mutation rates and duplication fixation
249  rates. Different from these studies, we estimated the duplication preservation/maintenance
250  rates based on the duplications annotated on the ancestral genomes and their origin time (see
251  Materials and Methods). After removing the duplications resulted from WGDs, we estimated
252  theduplication preservation rates for 9,581 gene families. 7,075 gene families have no local
253  duplications on ancestral genomes, which indicated that about 74% gene families in our core
254  data have no long-term duplication preservation and most gene families kept singleton status
255  during the evolutionary history of vertebrate genomes. We then got non-zero duplication
256  preservation/maintenance rates for 2,506 gene families and 95% duplication preservation
257  ratesof these gene families are distributed between 0.0009 and 0.016 (Figure S8 in additional
258  file 1). According to the gene and GO information from human, the gene families with
259  long-term local duplications preservation are mainly involved in ion transport and some
260  important signaling pathways. In addition, we also found that some local gene duplications
261  might beretained through the natural selection caused by oxygen-level changes (Figure 5).
262

263 3. Conclusons

264  Based on two guiding concepts, we developed an integrative phylogenomics workflow by
265  integrating an efficient species tree inference workflow, which adopt advantages from
266  co-estimation and supertree methods, and a parameter-learning process to account for more
267  about the relationship and differences among species and gene trees. It was designed for gene

268  family classification, gene family tree and species tree inference and duplication/loss dating.
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269  Then, we analyzed the genomic data of 64 vertebrates and 5 out-groups from Ensembl as a
270  case udy to demonstrate a complete application of our workflow on the accurate inference
271  of the evolutionary history of genome-wide gene families and species. Based on our
272  phylogenomics results, we captured evolutionary traces from two different duplication
273  retention mechanisms. We found that dosage selection might play an important role on
274  ohnologs retention after WGDs and the changing environmental oxygen content might be a
275  kind of natural selection affecting paralogs from both WGDs and local duplications. Above
276  all, we expected that our workflow will facilitate further studies aiming to explore genome
277  evolutionary histories.

278

279 4. Methods

280 4.1 Genefamily classification

281 In order to get genomic sequences and annotations with high quality, we used the data of
282 69 species from Ensembl v84 as a case study to introduce our workflow. We downloaded all
283  protein sequences and CDS sequences of these species from FTP site of Ensembl
284  (http://www.Ensembl.org/, Build 84)[36] and chose their longest protein and CDS to be the
285  representation for each gene. The too short (shorter than 10aa) and too simple (stop codons
286  percent greater than 20) genes were filtered out then.

287 Here, OrthoFinder-0.4[26] was used to identify homology relationships between these
288  sequences. OrthoFinder is a very efficient algorithm, which can overcome gene length bias
289  and phylogenetic distance problems in gene family classification. After this step, we got
290 totally 54,808 gene families. We then removed too smple (members from a unique species)
291  and too complex gene families, which including known read-through genes (according to
292  gene annotation file (v24) of human in ENCODE[44]) or with more than 1,000 members.
293 17,025 gene families were |€eft for following analysis (additional file 2)

294 4.2 Genefamily treeinference

295 In this step, protein sequences of gene families were aligned in MAFFT v7[65](--auto)
296  and then trandated into CDS alignments by trandatorX[66]. The poorly aligned regions were
297  removed from these CDS MSASs by trimAI[67]. Here, we removed some gene families with
298  specific labels in its sequences (such as X) or with very poor alignment quantity (additional
299  file 2). For the left 14,037 CDS MSAs, we inferred the gene family trees in RAXML
300 v8.2.9[29] under GTRGAMMI sequence evolution model. For some MSAs including less
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301  than four members and some MSAs including too much gaps, we finally only got reliable
302  phylogenetic treesfor 11,698 gene families.

303 4.3 Speciestreeinference

304 There are 579 gene families including members from all of the 69 species. We filtered out
305  the gene families with members’ distribution various largely (CV>0.5) on different species to
306  avoid information asymmetry. So 527 gene families were left for species tree inference.

307 BEAST[27] (parameters. a gamma-distributed model of rate variation with four discrete
308  categories and an HKY substitution model with a strict clock, 10,000,000 generations,
309  sampling every 5000 generations) was used to infer the posterior distributions of these 527
310  gene family trees. The results possessed a good convergence under these parameters setting
311  (with effective independent sample size greater than 200 for each parameter). Guenomu was
312  used to infer species tree by considering gene duplication, loss and multispecies coalescent
313  simultaneously (10,000,000 generations, sampling every 10,000 generations) based on these
314  tree poderiors. It outputted two species trees and we used the one with 99.9% probability as
315  theinitial speciestree.

316 In addition, we downloaded the Ensembl species tree inferred by EnsemblCompara to
317  find out the possible errors on the initial tree. Firstly, we compared the initial speciestree with
318 Ensembl species tree to find out the incongruent clades. We found seven species (including
319  ancedtral species) bearing different phylogenetic sister-branches between these two trees
320 (Figure S9 in additional file 1). Secondly, in order to find out the true phylogenetic
321  siger-branches of these seven species, SICIE v1.2[32] was used to extract phylogenetic
322  supports from the 11,698 gene family trees. The results (Table S3 in additional file 1) show
323  that three clades on initial species tree got significantly higher supports than the respective
324  clades on the Ensembl species tree. Conversely, other three clades on Ensembl species tree
325  got significantly higher supports. Unfortunately, the rest incongruence couldn’t find a clear
326  relationship from these 11,698 gene family trees. We then improved the initial speciestree by
327  modifying its three weaker supported incongruent clades. The final species tree is displayed
328 inFigure2.

329 4.4 Speciedgenetreesreconciliation

330 Inspired by the "Felsenstein equation” [68], we put forward a parameter-learning method
331 to find out the optimal event-costs for each gene family based on two optimal principles.
332  Firdly, the modified gene family tree should have largest ML (maximum likelihood) vaue
333  based on the corresponding MSA (multiple sequence alignment) of CDS. Secondly, the
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334  optimal reconciled results should contain the fewest number of events to explain the
335  incongruences between the gene family tree and species tree. Then, based on the optimum
336  event-costs pairs of each gene family, we modified the low supported clades on the gene
337  family tree and further dated the evolutionary events (duplication and loss) by reconciliation.
338  Inour case study, 11,698 gene family trees were used as inputs. Finally, 9,767 gene families
339  got uniquely reconciled gene family tree under their optimal event-costs pairs. More details
340  aredescribed below.

341 We used Notung v2.8.1.7, IQ-TREE v1.5.2 and our parameter-learning scripts to finish
342  species/gene trees parameter-learning and reconciliation. After the event-costs pairs (costdup
343  and costloss) assignment, Notung is able to modify the gene family tree and date gene
344  duplications/losses under a DL model in a parsimony strategy. In order to seek the optimal
345  event-costs pairs set for each gene family, 15 event-costs pairs (costdup, costloss) with
346  different cost ratios (costdup/costloss) were used to parameter-learning and reconciliation in a

347  cycleprocess (Figure 1). The detailed steps are described as follow:

348 Step 1. Rearrange the gene family tree: the gene family tree was rearranged under the
349 ‘Rearrange mode’ of Notung. We rearranged the weakly supported regions (edges with
350 bootstrap less than 50) in the gene family tree to produce alternate gene family trees with
351 minimum DL score based on the current event-costs pair. Here, at most 100 digible
352 alternate gene trees will be outputted. |Q-TREE was then used to pick out the most
353 optimal one with maximal maximum likelihood based on the respective CDS MSA.

354 Step 2. Root the gene family tree: the gene family tree was rooted under the ‘Rooting
355 mode’ of Notung by minimizing DL score based on current event-costs pair.

356 Step 3. Reconcile the species/gene tree: duplication/loss events were assigned on the
357 gene family tree under the * Reconcile mode’ of Notung by minimizing DL scores based
358 on current event-costs pair. Then current event-costs pair was set to the next pair and the
359 analysis jumped to step 1 if the current event-costs pair wasn't the last one. Otherwise,
360 analysisjumped to step 4.

361 Step 4. Construct the optimal event-costs pairs set for each gene family: we used
362 IQ-TREE to calculate the ML (maximum likelihood) for each resulted gene family tree,
363 which was inferred under different event-costs pairs. In this way, we obtained the
364 optimal event-costs pairs set |, which consists of event-costs pairs resulting in maximal
365 ML trees. Meanwhile, we congtructed the optimal event-costs pairs set |I, which consists

366 of event-costs pairs resulting in minimal DL events in the reconciled results. The
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367 intersection of optimal event-costs pairs set | and Il was considered as optimal
368 event-costs pairs Ill. The final optimal set for the family was empty if the optimal
369 event-costs pairs set |11 contains more than one member and the reconciled results are
370 inconsistent under members. Otherwise, the final optimal event-costs pairs set is the
371 optimal event-costs pairs set I11.

372  Inour analysis, we totally used 15 (costdup, costloss) pairs (additional file 2). Finally, we
373  obtained optima reconciliation results for 9,767 gene families, which called core gene
374  familiesin this study.

375 4.5 Comparison to EnsemblCompara

376 We downloaded the gene family trees inferred by Ensembl Compara from its FTP site. For
377  our workflow integrated gene family classification, our gene families are not consistent with
378  Ensembl’s. Here we selected 8,514 Ensembl gene families with more than four gene members
379  and overlapped with the 9,767 gene familiesin our core results to do the comparison.

380 Based on the gene adjacencies extracted from annotation files of the 69 extant species,
381 DeCo[69] was used to infer the ancestral genome contents and ancestral gene adjacencies
382  according to our gene trees and Ensembl gene trees, respectively. Then, we calculated the
383  duplication consistency score]20] for each duplication on these two gene tree sets.

Duplication consistency score

The species intersection between the left and rigth sub — trees

The species union between the left and right sub — trees

384 4.6 Others

385  4.6.1 PPl and GO enrichment analysis

386 We used protein-linked information from STRING (v10.5) to finish the PPl enrichment
387  analysis. We firgly abstracted the human protein-protein interaction network with combined
388  score greater than 700. Then we abstracted the sub-network, whose nodes consisting of genes
389 inour core gene families and edges linking members from different gene families. We found
390 that there were 118,028 edges out of 68,641,957 gene pairs from different gene families on
391  this sub-network. Then, we counted edges and such gene pairs among different
392  WGD-affected gene family classes. As Table S2 (additional file 1), we found the PPIs were
393  enriched in these classes (Fisher exact test).

394 The GO (gene ontology) enrichment analysis in this study was conducted by R package
395  named ‘clugterProfiler’[70] basing on annotation datafrom ‘org.Hs.eg.db’ and ‘org.Dr.eg.db’.

396  4.6.2 Local duplication preservation rate
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The local duplication preservation rates were inferred based on the gene duplications on
ancestral genomes and their origin time. Firstly, in order to get the approximate existing time
of each ancestors on the species tree, we downloaded the dated species tree (Figure S7 in
additional file 1) for the 69 species from TIMETREE (www.timetree.org)[71] and useitstime

information to date our species tree. We dated the ancestral nodes with consistent sub-trees
between these two trees. In this way, we got approximate existing time for ancestral nodes
where 20 or more families originated. Finally, we dated 23 such ancestral nodes and got the
origin time of 9,581 (total: 9,767) gene families.

Gene family duplication preservation rate

_ The number of duplications happened on the ancestral genomes

The approximate origin time of this family

4.6.3 Duplication overlap between two branches on speciestree

For each ancestral branch, we got a gene family set consisting of gene families expanded
a this branch, and we labeled this set as D;. In this work, we defined a measure named
‘duplication overlap’ to describe the overlap rate of expanded gene families between two

branches on the speciestree.

D, N Dy
D,UD,

Duplication overlap between branch a and b = Intersection(a,b) =

List of abbreviations

WGD: Whole Genome Duplication

TS: Teleost-Specific

DL: Duplication-Loss

PPI: Protein-Protein Interaction

GO: Gene Ontology

CDS: Sequence coding for amino acidsin protein
MSA: multiple sequence alignment

CV Coefficient of Variance

ML maximum likelihood
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673  Figure Legends

674  FigurelFlowchart illustrating our workflow

675  Our workflow mainly consists of four processes. The third and forth are the most important
676  processes in our workflow. The inputs are displayed in green rectangles. The intermediate
677  resultsare displayed in red rectangles while the final results are displayed in blue rectangles.
678  The software, operation and some parameters used in this workflow are marked on the arrows
679 ingrey, blueand black font respectively.

680 Figure2Final speciestree

681  The common names of species are displayed in parentheses following the Latin names. And
682  the common name of the common species between this species tree and the mammals species
683  treepublished by Song et al. 2012[38] arein blue font.

684  Figure 3 Comparison between our workflow and EnsemblCompara

685  ‘our workflow 1' represents the standard workflow we have described in Materials and
686  Methods section and ‘our workflow 2' represents the same workflow but without
687  parameter-learning in duplication/loss dating. a. Ancestral chromosome linearity metric.
688  Extant 1 represents the genes neighborhoods status on extant genomes based on our 9,767
689  core gene families. Extant 2 represents the genes neighborhoods status on extant genomes
690  based on Ensembl 8,514 gene families. The rest three represent the genes neighborhoods
691  status on ancestral genomes inferred from different phylogenomics results. b. Duplication
692  consistency score.

693  Figure 4 WGD-affected gene family classes and related gene function

694 a. Intersection among the three WGDs. Gene families with ohnologs retention are highly
695  overlapped among the tree WGDs. We divided these ohnologs retention gene families into
696  seven classes. 1R represents the first round WGD occurred on vertebrate genomes. 2R
697  represents the second round WGD occurred on vertebrate genomes. TS represents the teleost
698  fish specific WGD. b. Enriched functional categories comparison among the seven classes.
699 The ‘A”B’ represents the intersection of ‘A’ and ‘B’. ¢. The biological processes enrichment
700  resultsof class 7 which consist of gene families with ohnologs retention after TS WGD only.
701  Thisanalysis conducted based on gene ontology data of zebra fish.

702  Figure 5 GO enrichment results of gene families with long-term local duplications
703  retention

704  Theoxygen levelsresponse related biological processes are labeled in red font.
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706  Table 1 Average genome sizes comparsion

Pipelines Ancestral Genomes®  Extant Genomes® Ancestral/extant Ratio®
Our pipeling® 10290.25 9994.07 1.03
Our pipeline® 10457.22 9994.07 1.05
Ensembl Compara 22389.23529 13329.38 1.68

707  °Our standard workflow according to the processes as we described in Materials and Methods.
708  PInsteading of the optimal parameters with default parameters (1.5,1) when reconciliation by
709  Notung in our workflow.

710  “Average ancestral genomes size according to our core datalEnsembl 8,514 gene families.
711  “Average extant genomes size according to our core data/Ensembl 8,514 gene families.

712  °Ratio of average ancestral genomes size and average extant genomes size.

713  Supplementary materials

714  additiona file 1: supplemental figuresand tables.

715  additiona file 2: supplemental methods and materials.

716

717
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