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Abstract 22 

While the production of a draft genome has become more accessible due to long-read 23 

sequencing, the annotation of these new genomes has not been developed at the same pace.  24 

Long-read RNA sequencing (lrRNA-seq) offers a promising solution for enhancing gene 25 

annotation. In this study, we explore how sequencing platforms, Oxford Nanopore R9.4.1 26 

chemistry or PacBio Sequel II CCS, and data processing methods influence evidence-driven 27 

genome annotation using long reads. Incorporating PacBio transcripts into our annotation 28 

pipeline significantly outperformed traditional methods, such as ab initio predictions and short-29 

read-based annotations. We applied this strategy to a non-model species, the Florida Manatee, 30 

and compared our results to existing short-read-based annotation. At the loci level, both 31 

annotations were highly concordant, with 90% agreement. However, at the transcript level, the 32 

agreement was only 35%. We identified 4,906 novel loci, represented by 5,707 isoforms, with 33 

64% of these isoforms matching known sequences in other mammalian species. Overall, our 34 

findings underscore the importance of using high-quality curated transcript models in 35 

combination with ab initio methods for effective genome annotation. 36 

Introduction 37 

The development of long-read, single-molecule sequencing technologies such as Pacific 38 

Biosciences and Oxford Nanopore with the ability to produce ultra-long reads, have radically 39 

transformed our capacity for obtaining high-quality, even telomere-to-telomere, genome drafts 40 

and have boosted the establishment of several large-scale initiatives to sequence the genomes of 41 

all species on Earth. Projects such as Darwin Tree of Life (Blaxter 2022), the Vertebrate 42 

Genome Project (Rhie et al. 2021), and the Earth BioGenome Project (EBP) (Lewin et al. 2018) 43 

have undertaken the ambitious goal of sequencing the planetary biodiversity by establishing 44 

new protocols and pipelines for DNA extraction, sequencing, and genome assembly suitable to 45 

any non-model or poorly characterized species. 46 
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As the catalogue of newly sequenced genomes increases, there is a concomitant necessity for 47 

genome annotation, which has not evolved at the same speed and still represents a bottleneck in 48 

our efforts to define the gene pools of living organisms (Yandell and Ence 2012). Some of the 49 

reasons behind this are the difficulty in annotating large fragmented "draft" genomes, the 50 

occurrence of annotation mistakes due to errors and contaminations in draft assemblies 51 

(Salzberg 2019), the lack of reference data for many non-model species, and the intrinsic 52 

uncertainty in the discovery of functional coding and non-coding elements in newly assembled 53 

genomes (Yandell and Ence 2012).  54 

Currently, genome annotation approaches can be broadly divided into three main types: 55 

evidence-based methods, ab initio, and evidence-driven gene predictions (Yandell and Ence 56 

2012). Evidence-based annotation or evidence alignment methods use experimental data, such 57 

as RNA-seq, protein sequences, or expressed sequence tags (EST) from the organism of interest 58 

or related species, which are mapped to the genome to identify genes (Yandell and Ence 2012; 59 

Jung et al. 2020). For this approach, RNA-seq has been shown to overperform other forms of 60 

evidence, since this type of data is able to capture splice sites, exon, and alternative spliced exon 61 

boundaries (Yandell and Ence 2012). However, evidence-based methods have several 62 

downsides, one of them being the amount of data available and tissues from which samples can 63 

be obtained (Liang et al. 2009; Scalzitti et al. 2020), which is oftentimes limited for non-model 64 

organisms, resulting in incomplete annotations. Another drawback of these methods is the 65 

propagation of incorrect annotations when using information from related species (Scalzitti et 66 

al. 2020). Recently, long-read transcriptome sequencing (lrRNA-seq) has started to be used for 67 

this purpose (Zhang et al. 2022; Peng et al. 2022). lrRNA-seq has the potential to capture full-68 

length transcripts and reveal the complexity of the transcriptomes. However, lrRNA-seq data 69 

also contain sequencing and library preparation errors and benchmarking studies have 70 

demonstrated limitations of these data to deliver accurate transcript models (Pardo-Palacios et 71 

al. 2024b). 72 
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Ab initio approaches use mathematical models, like Support Vector Machines (SVMs) or hidden 73 

Markov models (HMMs), to predict genes from the genomic sequence (Yandell and Ence 2012; 74 

Scalzitti et al. 2020). In this strategy, the models combine signal sensors (e.g. splice sites or 75 

polyadenylation signals) and content sensors (e.g. nucleotide composition or length of exons 76 

and introns) to make the predictions (Huang et al. 2016; Scalzitti et al. 2020). The main 77 

advantage of this approach is that no experimental evidence is needed (although it can be used, 78 

see next section) to detect genes and their genic structures (Yandell and Ence 2012), allowing 79 

the discovery of unidentified genes (Scalzitti et al. 2020). However, ab initio prediction 80 

programs tend to be error-prone, detecting non-coding nucleotides in exons (Scalzitti et al. 81 

2020) and have low accuracy when predicting gene structures (Yandell and Ence 2012). 82 

Another limitation is that the majority of predictor tools tend to identify genetic coding 83 

sequences (CDS) rather than untranslated regions (UTRs) or alternative isoforms, rendering 84 

incomplete annotations. In addition, ab initio methods need a trained model, which ideally 85 

should be organism-specific (Yandell and Ence 2012), and is not always available (Yandell and 86 

Ence 2012; Scalzitti et al. 2020). 87 

Evidence-driven genome annotation is a powerful alternative for improving the detection of 88 

genes in genomes. In this case, experimental evidence such as gene or protein expression is used 89 

as support during the gene predictions by the ab initio programs, in order to increase their 90 

precision and overcome the sensitivity limitations of the evidence-alone methods. Several tools, 91 

such as AUGUSTUS (Stanke and Waack 2003; Stanke et al. 2006) and SNAP (Korf 2004), and 92 

popular annotation pipelines, like BRAKER (Stanke et al. 2008; Hoff et al. 2019) and MAKER 93 

(Campbell et al. 2014) have successfully implemented this strategy. Moreover, although the 94 

majority of genomes have been and are still being annotated using short-read RNA-seq as 95 

evidence, lrRNA-seq is increasingly being generated to serve this purpose. Potentially, long-96 

reads used as transcriptional data for evidence-driven approaches could overcome some of the 97 

limitations of the short-reads to faithfully inform complete gene structures. However, no 98 

extensive studies have been carried out to evaluate the best strategy for using lrRNA-seq in the 99 
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evidence-driven approach, leading to a disconnect between the latest sequencing technologies 100 

and the genome annotation pipelines (Cook et al. 2019). 101 

In this work, we investigate various alternatives for evidence-driven genome annotation using 102 

lrRNA-seq data. Specifically, we evaluate different sequencing technologies (PacBio Sequel II 103 

and Nanopore R9.41. chemistry) and read pre-processing levels (from raw-reads to 104 

reconstructed transcripts and gene models). For benchmarking purposes, we used the well-105 

annotated human genome and long-read cDNA reads of the human cell line WTC11 generated 106 

by the Long-read RNA-seq Genome Annotation Assessment Project (LRGASP) (Pardo-107 

Palacios et al. 2024b). We exemplify the utility of the best-performing approach on the 108 

annotation of the non-model species, Trichechus manatus latirostris (Florida manatee). 109 

Results 110 

Evidence-driven genome annotation adds extrinsic evidence to ab initio algorithms to improve 111 

gene prediction. This approach requires careful consideration of both the modelling and 112 

prediction stages at which the evidence is incorporated, in addition to the type of supporting 113 

data utilized. We evaluated the utilization of lrRNA-seq data at both stages, the type of 114 

sequencing technology employed, and the level of data pre-processing. To provide a sound 115 

benchmarking scenario, cDNA long-read data from the human WTC11 cell line was used and 116 

results were compared to the GENCODE human annotation (Supplemental Fig. S1A,B). After 117 

determining the best procedure for training and prediction, we assessed the volume of 118 

sequencing data required to achieve optimal outcomes and compared this strategy to evidence-119 

driven gene predictions supported by Illumina short-reads (Supplemental Fig. S1C). Lastly, we 120 

applied the long-read evidence driven approach to the annotation of the Florida manatee 121 

genome, recently sequenced by the LRGASP consortium (Pardo-Palacios et al. 2024), using 122 

blood and brain lrRNA-seq data as experimental evidence sources. We then compared the long-123 

read supported genome annotation to the existing NCBI Trichechus manatus latirostris 124 

Annotation Release 102 annotation obtained using short reads (Fig. 1). 125 
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Long-Read Sequencing Data for Curated Gene Set Generation and HMM 126 

Training 127 

We first evaluated the utilization of long-reads as evidence for model training using the human 128 

WTC11 cell line data from LRGASP. Training the HMM model requires the use of a set of 129 

high-quality, non-redundant gene models, which in this case should be obtained from the long 130 

reads. Due to the potential noisiness of raw lrRNA-seq data, we envisioned three levels of data 131 

preprocessing and assessed their suitability as reliable training sets. The first level represents a 132 

minimal read preprocessing scenario aiming at removing read redundancy by collapsing them 133 

by their junction pattern into unique junction chain (UJC) sequences, without further read 134 

correction or filtering. The second preprocessing level used the transcript models reconstructed 135 

with a suitable lrRNA-seq analysis pipeline (Iso-Seq3 for PacBio data, and FLAIR for 136 

Nanopore and Pabio+Nanopore datasets) coupled to basic filtering to provide a set of reliable 137 

error-corrected transcripts that included alternative isoforms. The third preprocessing level 138 

collapsed transcripts belonging to the same gene in one transcript model per gene to reduce 139 

sequence redundancy. See Supplemental Table S1 for a detailed description of the number of 140 

elements at each step. The characteristics of the data resulting from these three preprocessing 141 

levels were inspected by running SQANTI3 and BUSCO analyses. 142 

Using SQANTI3, we found that most UJC had at least one splice-site that was not present in the 143 

reference, i.e. were Novel-Not-in-Catalog (NNC) transcripts, whether we considered Nanopore, 144 

PacBio reads, or the combination of both (Fig. 2A). In contrast, the transcript reconstruction 145 

pipelines generated transcriptomes with a significant reduction in the proportion of NNC at the 146 

transcript level (Fig. 2A). One key aspect of our pipeline was the removal of monoexons, as 147 

between 62.5% and 82.1% of the obtained monoexons did not match any known transcript and 148 

were overly present in the two transcriptomes containing Oxford Nanopore Technologies 149 

(ONT) data (Supplemental Fig. S2). Other filtering criteria included in our pipeline were the 150 

presence of coverage of splice-junctions by short-reads and the number of long-reads associated 151 

with each transcript. Moreover, we kept only those transcripts with at least one BLAST hit, a 152 
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query coverage over 85% and E-value lower than 1×10-50. This, combined with previous 153 

filtering steps, reduced the proportion of NNC transcripts to below 10% for the PacBio 154 

transcriptome generated using Iso-Seq3 and the two FLAIR transcriptomes using either ONT 155 

data or a combination of ONT and PacBio reads (MIX). At this preprocessing level, most 156 

transcripts were either contained in the reference (Full-Splice-Match, FSM), or displayed a 157 

novel combination of annotated donor and acceptor sites (Novel-In-Catalog, NIC), indicating an 158 

improvement in the reliability of the transcript models. 159 

The third preprocessing level aimed at reducing gene redundancy, which was still high, 160 

especially for the PacBio transcriptome. Non-redundancy is important to avoid overfitting 161 

during training (Hoff and Stanke 2019). To reduce the redundancy, we collapsed transcripts 162 

using TAMA and then applied a second clustering step at the protein level using CD-HIT. We 163 

evaluated the efficiency of this last preprocessing step using the BUSCO dataset eutheria_odb10 164 

including 11,366 genes. For the Iso-Seq transcriptome, the fraction of duplicated BUSCO genes 165 

was reduced from an initial value of 0.75 at the transcript level to 0.05 after clustering using 166 

CD-HIT. We obtained similar results for the ONT and MIX transcriptomes, with a final 167 

proportion of duplicated BUSCO genes of 0.04 and 0.03, respectively (Fig. 2B), suggesting a 168 

successful collapse of transcripts into gene models without compromising the discovery of true 169 

BUSCOs (Supplemental Fig. S3). 170 

Next, we used the three sets of collapsed non-redundant transcripts, derived from the PacBio, 171 

ONT, and MIX long-reads, to train the ab initio model and assessed their performance. For 172 

completeness, we included a fourth training set consisting of the BUSCO genes identified in the 173 

human genome, as this is a common strategy for ab initio gene prediction (Simão et al. 2015). 174 

Generally, to evaluate the performance of the gene prediction models, the gene set is divided 175 

into training and test sets. The training set is used to train the model, which is then evaluated by 176 

predicting genes in the test set and comparing predictions to the true gene annotations. 177 

However, it has been shown that this evaluation method overestimates the performance of the 178 

models (Guigó et al. 2000). To address this problem, rather than using a long-read-derived test 179 
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set, we reannotated Chromosome 19 of the human genome. The predictions obtained with the 180 

trained models were compared to the 1420 protein-coding genes in the reference annotation of 181 

Chromosome 19. Performance was evaluated as sensitivity, precision, and F1 score at the 182 

nucleotide (nt), exon, and gene levels. We considered predicted genes as true positives (TP) 183 

only if they matched the CDS of a gene in the reference annotation from start to end positions, 184 

with all splice sites correctly annotated. To identify the best set of parameters for each type of 185 

data, we tested different values for the flanking region used to learn non-coding region patterns 186 

and the number of genes included in the training set. We found that, in general, shorter flanking 187 

regions (around 1000 bp) and a training set size of 4000-5000 genes provided the best 188 

performance results, beyond which no further improvement was observed. Additionally, some 189 

data-type specific behaviors were noted (Supplemental Fig. S4). This pattern was observed at 190 

the nt, exon, and gene levels and was especially notable for the BUSCO training set.  191 

We then evaluated the performance of the best model obtained with each data type. The F1-192 

score at the gene level ranged from 0.13 to 0.16 (Fig. 2C), with models obtained by BUSCO and 193 

PacBio data scoring the highest. Sensitivity was very similar between the four models, while the 194 

precision for the BUSCO training set was slightly better (Fig. 2C). Next, we characterized the 195 

exon number and length of the predictions. We denoted as true positive (TP) genes those with 196 

all their junctions and ends matching a gene in the reference, partial true positive (PTP), those 197 

with partial overlap with a reference gene, false genes (FG), those gene predictions that did not 198 

overlap with any gene in the reference, and missed genes, the genes that were completely 199 

missed by the gene prediction algorithm. The challenges associated with ab initio gene 200 

prediction tools are well-documented, as these tools tend to overestimate the presence of genes 201 

(Wang et al. 2003; Dragan et al. 2016; Scalzitti et al. 2020). We found that the number and 202 

length of exons in these four types of predicted genes were consistent among the different 203 

training sets. TP genes had generally fewer and longer exons than other groups (Supplemental 204 

Fig. S5A, B), revealing that these gene structures are easy to predict. FN genes, on the contrary, 205 

while displaying a similar number of exons, had shorter exons (Supplemental Fig. S5A, B). This 206 
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finding agrees with research by Scalzitti et al. (2020) which demonstrated that AUGUSTUS 207 

accuracy decreases for genes with short exons. Finally, FGs typically had fewer but longer 208 

exons compared to all predictions (Supplemental Fig. S5A, B), with BUSCO training resulting 209 

in the lowest (635) and ONT in the highest (1,082) number of false genes. Based on these 210 

results we concluded that, at least for our experimental settings, long-read-based transcript 211 

models did not provide an advantage over employing BUSCO genes for AUGUSTUS ab initio 212 

gene prediction and selected this last approach for our subsequent analyses. 213 

PacBio transcript models achieve higher performance when used as experimental 214 

evidence in the gene prediction step 215 

Once established as the best approach for model training, we evaluated the utilization of lrRNA-216 

seq data at the gene prediction step in the evidence-driven strategy implemented by 217 

AUGUSTUS. We reannotated Chromosome 19 of the human genome HMM model trained with 218 

BUSCO genes and provided as experimental evidence each of our three types of long-read 219 

preprocessed data: a) FLNC PacBio reads and raw ONT long-reads independently and in 220 

combination; b) filtered protein-coding transcripts obtained with transcript reconstruction 221 

algorithms, and c) collapsed transcripts derived from those transcriptomes. Note that 222 

AUGUSTUS developers recommend using PacBio long-reads with minimum processing for 223 

evidence-driven annotations (Hoff and Stanke 2019). 224 

We found that the utilization of reads as experimental evidence, particularly from the ONT 225 

platform, resulted in the lowest precision and sensitivity (Fig. 2D). We hypothesize that this 226 

outcome was due to the presence of reads with unannotated splice sites or aligning to non-227 

coding regions, which lead to false gene predictions, supporting the notion that pre-processing 228 

of raw reads improves evidence-driven annotation. Employing transcript models as external 229 

evidence provided superior performance than the non-redundant, collapsed transcripts set. In 230 

particular, the best performance was achieved using the transcriptome inferred from PacBio data 231 

as experimental evidence. This transcriptome recovered 959 protein-coding genes encoded in 232 
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Chromosome 19, whereas the collapsed version of this transcriptome recovered only 587 genes. 233 

The combined PacBio and ONT transcriptome achieved a slightly inferior F1-score compared 234 

with the results obtained with the PacBio transcriptome, whereas the ONT transcriptome 235 

resulted in the lowest F1-score (Fig. 2D). 236 

These results show that the genome annotation substantially improves when long-reads are 237 

processed into transcripts models or collapsed transcripts and provided as experimental 238 

evidence to ab initio algorithms for prediction, improving both sensitivity and precision. 239 

Evidence-driven lrRNA-seq genome annotation reaches an optimal trade-off 240 

between sensitivity and precision with increasing sequencing depth. 241 

Once we established that processing long reads into transcript models was the best choice for 242 

leveraging lrRNA-seq data in genome annotation, we asked to which extent the amount of 243 

sequencing throughput impacts annotation. We sampled various proportions of the total PacBio 244 

reads and conducted both evidence-based and evidence-driven annotation procedures, using the 245 

annotation of human Chromosome 19 as ground truth. We evaluated sensitivity and precision as 246 

in previous sections but additionally studied the proportion of missed loci. A locus was 247 

considered missed if no annotation features overlapped it. This metric demonstrates how the 248 

presence of imperfect but potentially meaningful predictions changes with sequencing depth in 249 

the two annotation approaches.  250 

While the evidence-based model achieved higher sensitivity, the precision dropped drastically 251 

when more data was incorporated (Fig. 3A). On the contrary, the evidence-driven approach 252 

resulted in both metrics reaching a plateau when approximately half of the data was included in 253 

the predictions, representing 3,501,946 FLNC reads. Despite the sensitivity being improved 254 

when more reads were used, this increase was not as pronounced as the values obtained with the 255 

evidence-based approach. However, the precision obtained with the evidence-driven annotation 256 

method increased as more data was added at the prediction step, compared with the precision 257 

values of the evidence-based approach. In this sense, the evidence-driven strategy reached a 258 
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trade-off between sensitivity and precision, limiting the incorporation of low-quality predictions 259 

and redundancy in the annotation. In addition, the evidence-driven approach was able to capture 260 

more loci even when small amounts of data were provided as extrinsic evidence (Fig. 3B). This 261 

contrasted with the evidence-based strategy, where despite increasing recall as more reads were 262 

used, the number of loci captured was still lower than the evidence-driven annotation method, 263 

especially at the lowest sequencing depth. We concluded that the evidence-driven approach 264 

overcomes one of the main limitations of evidence-based methods, which is the amount of 265 

available data, while providing a better balance between precision and recall. 266 

These results collectively highlight the superiority of evidence-driven annotation approaches 267 

over purely experimental methods in achieving a good balance between sensitivity and precision 268 

when working with limited lrRNA-seq data. 269 

The evidence-driven approach outperforms the rest of genome annotation 270 

approaches when long-read technologies are used 271 

We finally asked if evidence-driven genome annotation using long reads outperforms traditional 272 

approaches such as ab initio methods or annotation based on short-reads. For this, we annotated 273 

the human Chromosome 19 using Illumina data in both evidence-driven and evidence-based 274 

strategies. Moreover, we evaluated the utilization of either Illumina raw reads, as recommended 275 

by AUGUSTUS developers, or a short-read assembled transcriptome as the source of 276 

experimental evidence. Performance was compared to the PacBio transcriptome evidence-based 277 

and evidence-driven annotation and with the AUGUSTUS ab initio approach. 278 

As expected, the lowest precision and sensitivity were obtained with the ab initio method (Fig. 279 

3C), possibly due to the identification of fragmented and false genes, as frequently described 280 

(Scalzitti et al. 2020). Notably, when considering evidence-based approaches, employing an 281 

Illumina assembled transcriptome resulted in higher precision than using PacBio transcripts, 282 

while the sensitivity achieved with the long-read transcript models was higher compared with 283 

Illumina. The F1-score of both evidence-based approaches was very similar, 35.1% and 35.9% 284 
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for the PacBio and Illumina transcriptomes, respectively (Fig. 3D). In the case of the evidence-285 

driven methods, the lowest precision and sensitivity values were obtained when raw Illumina 286 

reads were used as the source of evidence. This again underscores the limitations of raw reads 287 

as evidence source for evidence-driven genome annotation as shown for the long reads. Despite 288 

the improved F1-score when Illumina transcript models were provided for evidence-driven 289 

annotation, the best performance of this strategy was achieved by employing the PacBio 290 

transcriptome. Furthermore, the combination of the evidence-driven method and long-read 291 

technologies outperformed the rest of the approaches achieving a balance between sensitivity 292 

and precision leading to the highest F1-score (Fig. 3E). We also attempted to incorporate short-293 

read data to retain transcript models with coverage of all their splice-junctions; however, the 294 

combination of short and long read data did not yield improved results (Supplemental Table 295 

S2). 296 

Altogether, these results show that the combination of long-read-derived transcript models with 297 

the evidence-driven annotation method provides superior results than other strategies, 298 

establishing new guidelines for genome annotation 299 

Evidence-driven annotation of the Florida manatee genome 300 

Given that the PacBio transcriptome evidence-driven strategy achieved the highest sensitivity 301 

and precision for gene prediction in the human genome, we used this approach for the 302 

annotation of the Florida manatee genome draft obtained by the LRGASP consortium (Pardo-303 

Palacios et al. 2024b). We compared the results with other annotation methods by analyzing 304 

BUSCO completeness. This analysis measures the proportion of genes that are complete (C), 305 

either as single-copy (S) or duplicated (D), as well as fragmented (F) and missing (M) genes, 306 

out of the total 11,366 genes in the Eutheria_odb10 dataset. The available PacBio lrRNA-seq 307 

dataset consisted of 5,434,382 FLNC blood and 2,709,782 FLNC brain reads. Using the Iso-Seq 308 

pipeline, we generated 461,040 transcript models. SQANTI3 filtering was applied to remove 309 

transcripts with non-canonical splice junctions, intrapriming artifacts, and RT-switching 310 
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(Cocquet et al., 2006) while retaining only multi-exon transcripts with coding sequences (CDS) 311 

longer than 300 nucleotides. Although a high-quality reference gene annotation was 312 

unavailable, we showed in the well-annotated WTC11 dataset that this feature-based filtering 313 

effectively reduced the proportion of NNC and intergenic transcripts. Following this stringent 314 

filtering, we identified 54,491 high-confidence transcript models. This final BUSCO 315 

completeness was  C:50.1%[S:14.0%, D:36.1%], F:3.1%, M:46.8%, n:11366 (Fig. 4A). 316 

Following our benchmarking guidelines, the AUGUSTUS HMM model was trained with the 317 

BUSCO genes identified in the LRGASP Florida manatee genome. This model predicted 318 

15,735 genes on the manatee genome, with a final BUSCO completeness of C:30.7%[S:30.4%, 319 

D:0.3%], F:12.3%, M:57.0%, n:11366. After adding the PacBio transcriptome during the 320 

prediction step for an evidence-driven strategy, 35,662 transcripts and 20,782 genes were 321 

predicted representing BUSCO completeness of C:61.3%[S:44.4%, D:16.9%], F:10.3%, 322 

M:28.4%, n:11366 (Fig. 4A). Compared to the evidence-based method, the evidence-driven 323 

approach achieved a higher BUSCO completeness with almost 20,000 fewer transcripts. These 324 

results are in agreement with the results obtained during the human benchmark, where the 325 

evidenced-driven method controlled the number of missed loci obtained while balancing 326 

precision and sensitivity. 327 

To further complete the annotation, we incorporated the BUSCO genes identified in the manatee 328 

genome with the PacBio transcriptome and used these two sources of evidence in combination 329 

during the gene prediction step. This strategy resulted in a BUSCO completeness of 330 

C:87.9%[S:56.4%,D:31.5%],F:4.4%,M:7.7%, n:11366 and contained a total of 21,082 genes 331 

and 39,977 transcripts. This transcriptome was used for downstream analysis. 332 

Comparison of the long-read based (LRB) manatee genome annotation with the 333 

NCBI annotation 334 

We compared our long-read-based (LRB) annotation to the available NCBI Trichechus manatus 335 

latirostris Annotation Release 102, obtained using short-reads and the NCBI Eukaryotic 336 
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Genome Annotation Pipeline, to evaluate any gain or loss of information. We first determined 337 

the number of isoforms per gene in each of the annotations. Although the NCBI and LRB 338 

annotation had a similar proportion of genes that only encode one isoform (65.73% and 66.42%, 339 

respectively), we noticed that the number of genes coding multiple isoforms was slightly 340 

different. The public annotation contained a higher number of genes with two or three isoforms 341 

(22.62%) compared to the LRB one (19.26%). In contrast, the proportion of predicted genes at 342 

the LRB annotation with 4 or more isoforms was 14.31%; while in the case of the NCBI 343 

annotation, this percentage was 11.64% (Fig. 4B). 344 

To further understand these differences, we then used the SQANTI3 framework to classify the 345 

LRB transcript models when compared against the NCBI annotation as reference annotation, 346 

and the NCBI transcripts compared against the LRB models as reference. In this comparison, 347 

identical annotations are identified as Full-Splice-Match (FSM) in both directions, and 348 

differences are revealed as other SQANTI3 transcript categories (Supplemental Fig. S6A). The 349 

reciprocal comparisons returned 35.11% of transcripts as FSM when assessing NCBI annotation 350 

against the LRB reference, while 24.11% were FSM when LRB models were compared to the 351 

NCBI annotation. In addition, 85.7% of the transcripts in the LRB transcriptome and 90.2% of 352 

the transcripts in the NCBI annotation could be assigned to loci found in both annotations. In 353 

these shared loci, transcripts classified as Incomplete-Splice-Match represent new isoforms with 354 

alternative TSS or TTS, while Novel-in-Catalog and Novel-Not-in-Catalog indicate transcripts 355 

with different splicing patterns (Supplemental Fig. S6A). These results revealed that, despite an 356 

overall good agreement between the two annotations in the identification of expressed loci, gene 357 

and transcript models were overly different, as only 25-35% of these were perfect matches of 358 

each other, suggesting the source and/or strategy for using experimental evidence strongly 359 

impacts annotation results. 360 

Next, we focused on the isoforms assigned to novel loci in each annotation. Using cuffcompare, 361 

we identified 4,906 novel loci exclusively present in the LRB annotation and 2,225 loci unique 362 

to the NCBI annotation. To better characterize these loci, we evaluated the support for the 363 
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isoforms found in these loci using known sequences from other mammalian species. Of the 364 

5,707 isoforms of the LRB annotation associated with novel loci, 3671 had at least one BLAST 365 

hit against the UniProt Mammalia curated protein database with an E-value lower than 1×10-3. 366 

Of the total 2036 transcripts without a BLAST hit, 693 (34.04%) were supported by 367 

experimental evidence, while for the transcripts with a BLAST hit, 2481 (67.58%) were 368 

supported (Supplemental Fig. S6B). In comparison, for the NCBI annotation, 3,137 out of 3,212 369 

isoforms had at least one BLAST hit. These results indicate the capacity of long-read methods 370 

to support the annotation of novel genes, while also highlighting the known risk of false 371 

discoveries associated with ab initio methods (Scalzitti et al. 2020). 372 

Next, we characterized events of gene fragmentation, where genes are fragmented in one 373 

annotation compared to the other. An example is shown in Supplemental Figure S6C. In this 374 

case, we found that the public annotation had 1610 isoforms overlapping multiple genes of the 375 

new annotation, while the LRB annotation only has 496 putative fusion isoforms, suggesting a 376 

higher level of fragmentation in the LRB annotation. We hypothesised that this potential 377 

fragmentation may result from the ab initio predictions in absence of experimental evidence. 378 

However, 1,117 out of the total 1,610 NCBI fusion isoforms overlapped multiple 379 

experimentally supported LRB genes. These experimentally supported fragmented LRB genes 380 

exhibited a similar median length and number of exons as the other supported LRB isoforms 381 

(Supplemental Fig. S6D,E). Since the distribution of lengths and number of exons of these LRB 382 

fragmented genes was similar to the non-fragmented genes, we evaluated if the fragments 383 

originated from the same gene. We used BLAST to analyze fragmented genes of the LRB 384 

annotation overlapped by one NCBI isoform to determine if these supported genes were part of 385 

the same human gene. Of the 1087 NCBI fusion isoforms that overlapped supported LRB genes 386 

with at least one BLAST hit, 1041 had LRB genes matching the same BLAST hit. This result 387 

suggests that the LRB annotation included supported, but fragmented genes.  388 

To understand if this fragmentation was already present in the experimental evidence provided 389 

for the predictions or caused during the gene prediction step, we used SQANTI3 to evaluate the 390 
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experimental evidence of the fragmented supported genes of the LRB transcriptome. We 391 

detected 100 isoforms from the experimental data that overlapped multiple genes of the LRB 392 

annotation, corresponding to 54 different loci. Of these 54 loci, 17 lacked experimental evidence 393 

to support any of the fragmented genes, while in the other 37 cases, at least one of the 394 

fragmented genes was supported by the experimental data (Supplemental Fig. S7A, B). These 395 

results suggest that while gene fragmentation can occur during gene prediction, the primary 396 

cause is the presence of fragmented experimental evidence. Since we did not observe evidence 397 

of gene fragmentation when benchmarking our evidence-based approach, we asked if 398 

differences in the quality of the manatee lrRNA-seq data with respect to the human WTC11 399 

PacBio reads could explain the different behaviour. We found a substantial shift towards shorter 400 

reads in the manatee blood and brain transcriptome data when compared to the WTC11 cell line, 401 

possibly reflecting a poorer library preparation quality for the manatee field sample 402 

(Supplemental Fig. S8A). Accordingly, we found that fragmented genes corresponded to 403 

transcript models with CDSs lengths above 1.5kb, which were depleted in the manatee dataset 404 

(Supplemental Fig. S8B). We concluded that biases in transcript capture by long-read methods 405 

may compromise the capacity for providing supporting evidence in evidence-driven annotation 406 

methods. 407 

Finally, we evaluated if LRB annotation predicted proteins could potentially improve the 408 

protein sequences of the public annotation. We selected 2,166 isoforms from the NCBI 409 

annotation that specifically matched the splice-junctions of an isoform in the LRB annotation, 410 

either fully (FSM) or partially (ISM), and exhibited a truncation of at least 50 base pairs at one 411 

end. Among the 1,597 matched LRB isoforms, 1,002 (66.4%) had a BLAST hit in the UniProt 412 

curated mammalian database, with differences of fewer than three amino acids at the protein 413 

ends. We further aligned the sequences of two of these truncated proteins, their matching LRB 414 

proteins, and their orthologs in two closely related manatee species. Figure 4C shows the 415 

alignment data for B cell lymphoma 3 protein and the S100P-binding protein isoform X4. In 416 

both cases, the protein sequence in the NCBI annotation lacked an N-terminal fragment present 417 
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in the LRB version and the two manatee-related species. These results confirm the potential of 418 

the LRB annotation to improve the current gene annotations.  419 

Discussion 420 

Long-read sequencing technologies, concerted with global efforts to sequence all Earth's 421 

organisms, herald a new era of possibilities and requirements for genome annotation. 422 

Traditionally, genome annotation has relied on ab initio algorithms alone or combined with 423 

short-read sequencing and proteomics data to improve gene predictions. However, with the 424 

increased availability and throughput of lrRNA-seq, there is a notable shift towards using 425 

transcriptome data generated from these platforms to assist genome annotations in non-model 426 

species, as exemplified in several recent studies involving the tea plant (Xia et al. 2019) and the 427 

ant Harpegnathos saltator (Shields et al. 2021).  428 

Long-read sequencing offers the advantage of producing full-length transcripts, potentially 429 

providing a more complete representation of gene models than is obtained with short reads. 430 

However, challenges such as sequencing errors and library artifacts can compromise the 431 

reliability of long-read data. Initiatives like the Long-read RNA-seq Genome Annotation 432 

Assessment Project (LRGASP) have demonstrated that de novo transcript reconstruction using 433 

solely long-read data still faces significant hurdles (Pardo-Palacios et al. 2024b). 434 

In response to these challenges, we hypothesized that long reads could be optimally utilized in 435 

evidence-driven strategies, where experimental evidence is integrated with ab initio genome 436 

prediction algorithms to enhance their efficacy. Aware of the limitations of long-read 437 

transcriptome sequencing, our study aimed to assess how long-read RNA-seq (lrRNA-seq) data 438 

can be best used to support genome annotation efforts. Our results indicate that processing 439 

lrRNA-seq data into transcript models followed by SQANTI3 curation, rather than using raw 440 

reads, and providing this evidence information at the prediction step is the most effective 441 

strategy, possibly because the reconstructed transcript models represent more accurate transcript 442 

structures than the raw reads. Additionally, we observed that PacBio Sequel II sequencing data 443 
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yielded better results than ONT v9.4.1 chemistry data or a combination of both. This result is in 444 

agreement with conclusions of the LRGASP project (Pardo-Palacios et al. 2024b), that revealed 445 

that the longer read distribution and sequence accuracy of the long reads were more important 446 

for accurate transcript model prediction than the number of reads. Our results suggest that this is 447 

also true when using long-read transcript models for evidence-driven annotation. Moreover, our 448 

comparative analysis of results with human and manatee lrRNA-seq data suggests that narrow 449 

read length distributions can compromise the accurate support of longer gene models, resulting 450 

in gene fragmentation. These results stress the importance of ensuring high-quality full-length 451 

transcript models to support genome annotation pipelines. 452 

While our study provides important insights regarding the utilization of long-read sequencing 453 

technologies in genome annotation, we acknowledge several limitations in our work. First, we 454 

provided AUGUSTUS with relatively simple lrRNA-seq datasets (one cell line in human, two 455 

tissues for the manatee) to evaluate genome prediction accuracy. Genome annotation efforts 456 

often utilize multiple tissue types to capture the broadest range of expressed genes, and our 457 

study did not extensively assess this aspect. We acknowledge the need for future studies to 458 

explore the impact of tissue diversity on annotation accuracy. However, obtaining diverse tissue 459 

samples can be challenging for certain non-model species, as this was the case for the manatee, 460 

where access to multiple tissue samples was extremely difficult. Our results suggest that only 461 

moderate amounts of long-read data are necessary to enhance ab initio prediction accuracy and 462 

sensitivity, and that the combination of the ab initio with the available lrRNA-seq evidence is an 463 

effective way to overcome the problems associated with the limited data. 464 

Additionally, in this work, we only evaluated FLAIR and Iso-Seq tools for transcript model 465 

construction, as these are widely used tools, and both can operate without reference annotations. 466 

However, other methods exist for long-read transcript reconstruction (Bushmanova et al. 2019; 467 

Sahlin and Medvedev 2020; Wyman et al. 2020; Tian et al. 2021; Chen et al. 2023; Lienhard et 468 

al. 2023; Nip et al. 2023; Prjibelski et al. 2023; Volden et al. 2023). As the LRGASP assessment 469 

indicated that de novo reconstruction of transcript models from lrRNA-seq data still poses 470 



19 

challenges, a follow-up study should evaluate the performance of other algorithms for evidence-471 

driven annotation.  472 

The LRGASP consortium demonstrated the impact of the tools and sequencing technologies in 473 

the identification of different transcripts. In our case, the differences observed between the LRB 474 

manatee annotation and the NCBI annotation are likely influenced by not only the distinct types 475 

of RNA-seq data used but also by the differences in the annotation pipelines employed. 476 

Finally, while we do not claim that the genome annotation strategy outlined in this study 477 

represents the best possible pipeline for lrRNA-seq-based genome annotation, the major 478 

takeaway of this work, namely, the utilization of high-quality curated transcript models rather 479 

than raw long reads in conjunction with ab initio methods as most effective approach for 480 

genome annotation offers a valuable perspective for ongoing global efforts to develop quality 481 

annotation pipelines using long-read sequencing to annotate the planet's biodiversity. 482 

Methods 483 

Sample acquisition, nucleic acid extraction, and sequencing 484 

Total RNA was extracted from the brain tissue of an adult West Indian manatee (Trichechus 485 

manatus), sourced from a captive individual at Tierpark Berlin. The extracted RNA displayed a 486 

RIN of 7.8. A PacBio IsoSeq library was prepared from this RNA sample and sequenced using 487 

a single SMRT cell. 488 

Obtaining transcripts from RNA sequencing data 489 

Assembly of WTC11 short read data 490 

Quality control and adapter trimming of the reads was performed using fastp v0.23.2 (Chen et 491 

al. 2018). This involved the detection and removal of adaptors from the reads, ensuring data 492 

integrity and accuracy. Following pre-processing, reads were aligned to the reference genome 493 

using STAR v2.7.10a (Dobin et al. 2013). To enhance splice junction quantification, the 494 

alignment process utilized the --twopassMode option (Veeneman et al. 2016). 495 
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To generate a short-read assembled transcriptome, the reads were aligned using TopHat2  (Kim 496 

et al. 2013) with the options --no-discordant, --no-mixed, and -r 400, to accommodate a 497 

fragment length of 600 bp with an end length of 100 bp. Subsequently, the mapped reads of 498 

each sample were individually assembled using StringTie2.2.1 (Pertea et al. 2015) with default 499 

parameters. Finally, a non-redundant set of transcripts was generated by executing StringTie in 500 

merge mode, utilizing default parameters. Only stranded transcripts were kept. 501 

Reconstruction of WTC11 and Florida manatee long-read transcriptomes 502 

The Iso-Seq pipeline was used to generate transcript models from PacBio long-read data. This 503 

pipeline includes preceding subreads into circular consensus sequencing (CCS) reads (ccs 504 

v6.0.0). Full-length non-concatemer (FLNC) reads were obtained from the CCS reads after 505 

removing the sequencing primers (lima with --isoseq and --peek-guess options) and the poly(A) 506 

tails (isoseq refine with --require-polya option). After that, the FLNC reads of the samples were 507 

clustered (isoseq cluster with --verbose --use-qvs options). The high-quality clustered reads 508 

were then mapped to the genome using minimap2 v2.17 (Li 2018). Finally, the mapped reads 509 

were collapsed into unique isoforms (isoseq collapse with --do-not-collapse-extra-5exons 510 

option). Only those transcript models supported by at least 2 reads were kept. 511 

To obtain the WTC11 ONT transcriptome and the ONT+PacBio (MIX) transcriptome we used 512 

FLAIR v1.5.1 (Tang et al. 2020). Long reads were aligned to the human genome using the 513 

FLAIR align module with default options. Splice junctions were corrected using FLAIR correct 514 

module, incorporating the splice-junctions generated by STAR during short-read alignment. 515 

Splice junctions with at least three supporting short reads were kept and used to correct the 516 

long-read splice junctions. The corrected long reads were then collapsed into transcript models 517 

using the FLAIR collapse module with the options -s 2 –stringent –check_splice –filternosubset 518 

to reduce the number of redundant isoforms per gene. 519 
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Transcriptome filtering 520 

SQANTI3 v4.2 (Pardo-Palacios et al. 2024a) was used to filter reconstructed transcriptomes and 521 

eliminate artifacts. We incorporated Illumina short-reads as orthogonal data with the -c 522 

parameter. Filtering consisted of the removal of monoexons, transcripts with non-sense 523 

mediated decay signals, transcripts with non-canonical splice-junctions, and transcripts with 524 

evidence of intraprimming. We retain transcripts with coding potential identified by 525 

GeneMarkS-T (Tang et al. 2015) and an ORF of at least 300 nucleotides. For the long-read 526 

defined transcriptomes, only transcripts with at least two associated long-reads were retained. 527 

BUSCO v5.4.7 (Manni et al. 2021) was run in transcriptome mode using the Eutheria_odb10 528 

dataset, including 11,366 genes, on these transcriptomes. The BUSCO completeness results 529 

were expressed as C:89.0%[S:85.8%, D:3.2%], F:6.9%, M:4.1%, n:11,366, where C 530 

represents the percentage of complete genes found in the input data, S indicates the percentage 531 

of these genes found as single copies, D represents the percentage of duplicated genes, F stands 532 

for fragmented genes, M refers to missing genes, and n denotes the total number of genes in the 533 

BUSCO dataset used. 534 

Benchmarking of gene prediction methods on WTC11 535 

The software AUGUSTUS v3.1 (Hoff and Stanke 2019) was used for ab initio, evidence-based, 536 

and evidence-driven gene prediction strategies. Evidence was obtained from the long-read or 537 

short-read data at three levels of processing: raw-reads without preprocessing (raw level), 538 

reconstructed or assembled transcript models (transcript level), and collapsed transcripts into 539 

unique loci (gene level). 540 

Obtaining training sets from long-read transcripts  541 

To obtain a reliable and non-redundant set of long-read transcripts to use as training sets for 542 

AUGUSTUS, we further filtered the 3 transcriptomes based on the SQANTI3 output. Only 543 

transcript models with all their splice-junctions supported by short-reads were included in the 544 

training set. For the ONT+Pacbio transcriptome, we only kept the 25% most expressed 545 
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transcripts. Moreover, protein sequences predicted by GeneMarkS-T in the filtered WTC11 546 

transcript models were searched in the manually reviewed mammalian proteins available at 547 

UniProt (https://www.uniprot.org) using BLAST+ v2.12.0 (Camacho et al. 2009) with an E-548 

value cutoff of 1×10-50. Only proteins with at least one BLAST hit and a query coverage over 549 

85% were kept for the training set. 550 

To minimize the number of isoforms per gene, TAMA Collapse (Kuo et al. 2020) was applied 551 

to the three filtered WTC11 transcriptomes, utilizing options -x no_cap -m 100 -z 100. 552 

Subsequently, a second clustering, based on the sequence of the predicted proteins in the 553 

transcripts, was conducted using CD-HIT v4.8.1 (Fu et al. 2012). Sequences with an identity 554 

higher than 80% were clustered with the option -c 0.8. The gene coding the longest protein was 555 

kept as the representative of the cluster. Finally, BUSCO genes in Eutheria_odb10 dataset were 556 

identified in the final training sets after clustering at the protein level. 557 

AUGUSTUS HMM training and ab initio gene prediction with WTC11 data 558 

The AUGUSTUS Hidden Markov Model (HMM) was trained using non-redundant transcripts 559 

sourced from the Iso-Seq WTC11 PacBio transcriptome, the FLAIR WTC11 ONT 560 

transcriptome, or a combination of FLAIR PacBio and ONT WTC11 transcriptomes (MIX). 561 

Additionally, BUSCO genes in Eutheria_odb10 dataset identified in the human genome were 562 

utilized for HMM training. 563 

Various parameters were explored during training, including the number of genes in the training 564 

set and the length of the flanking region. Flanking region lengths of 1000 nts, 2500 nts, 5000 565 

nts, 7500 nts, and 10000 nts were tested. Training gene sets of sizes ranging from 200 to 5000 566 

were generated from the three non-redundant training sets derived from the WTC11 long-reads 567 

transcriptomes. 568 

The AUGUSTUS script gff2gbSmallDNA.pl was employed to convert files from GTF to 569 

GenBank format, incorporating the appropriate flanking region. Evaluation of HMMs was 570 
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conducted using Monte-Carlo cross-validation (Xu and Liang 2001). Each training gene set was 571 

randomly generated three times using different seeds, resulting in a total of 117 training sets. 572 

Gene prediction with experimental evidence on the human genome 573 

AUGUSTUS was run using the --sofmasking=on option and different sources of experimental 574 

evidence to predict genes on Chromosome 19 of the human genome. The experimental evidence 575 

given to AUGUSTUS was: Illumina short-reads, ONT and PacBio long-reads individually and 576 

in combination, the Iso-Seq3 WTC11 PacBio transcriptome, the FLAIR WTC11 ONT 577 

transcriptome, the FLAIR PacBio and ONT WTC11 transcriptome, the Illumina transcriptome 578 

and the 3 sets of non-redundant collapsed transcripts generated from each of the three long-579 

reads transcriptomes. 580 

For the four transcriptomes, only multiexon transcripts identified as protein-coding and with no 581 

features of bad quality, i.e. signals of non-sense mediated decay, signals of intrapriming, non-582 

canonical splice-junctions and a coding sequence (CDS) shorter than 300 nt, were given to 583 

AUGUSTUS.  584 

The default AUGUSTUS configuration file for long-reads evidence was used as input for the 585 

raw long-read data. For the Illumina-assembled transcriptome and the long-reads 586 

transcriptomes, only the CDSs identified by GeneMarkS-T were converted to AUGUSTUS 587 

hints. For the Illumina short-reads aligned with STAR, the default AUGUSTUS configuration 588 

file for short-reads evidence was used. Ultimately, these sets of predicted genes were compared 589 

to the reference human annotation of Chromosome 19 using Cuffcompare v2.2.1 (Trapnell et al. 590 

2010). 591 

WTC11 genome annotation evaluation 592 

The performance of gene prediction strategies was evaluated by comparison to the annotation of 593 

the human Chromosome 19 using Cuffcompare v2.2.1 with the -e 0 -d 0 options. The reference 594 

annotation was constructed from the GENCODE annotation selecting the coding region of the 595 

transcript with the longest open reading frame (ORF) for each gene on Chromosome 19. 596 
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A predicted gene was considered a true positive (TP) when all exonic and genic nucleotides 597 

matched the corresponding features in the reference. Nucleotides, exons, or genes not matching 598 

any feature in the reference were considered false positives (FP), while features in the reference 599 

not perfectly matched by gene predictions were categorized as false negatives (FN). 600 

Cuffcompare provided the sensitivity (Sn) and precision (Pr) values at the nucleotide, exon, and 601 

gene levels. The F1-score was calculated as the harmonic mean of these two values. 602 
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Assessment of sequencing depth in evidence-based and evidence-driven annotation 604 

To evaluate the effect of sequencing depth on genome annotation we performed evidence-driven 605 

and evidence-based annotation using an increasing proportion of the total WTC11 PacBio 606 

FLNC reads. Subsampling of the FLNC reads from the WTC11 cell line was conducted using 607 

SAMtools v1.16 (Danecek et al. 2021). The fraction of sampled reads was 0.1, 0.15, 0.2, 0.25, 608 

0.5, 0.75, and the full dataset. Following subsampling, the FLNC reads were processed using 609 

the Iso-Seq v4.0.0 pipeline. The same strategy described in the previous sections was used to 610 

filter the transcriptomes. CDSs identified using GeneMarkS-T were included in AUGUSTUS 611 

v3.1 as experimental evidence. Finally, the seven sets of predicted genes, alongside the 612 

experimental data, were compared to the reference human annotation of the Chr19 using 613 

Cuffcompare v2.2.1. 614 

Annotation of the Florida manatee genome using long-reads 615 

AUGUSTUS ab initio predictions on the manatee genome 616 

The AUGUSTUS HMM was trained using BUSCO genes identified within the LRGASP 617 

Florida manatee genome (Pardo-Palacios et al. 2024b). The training gene set consisted of 5000 618 

genes, with a flanking region length of 1000 nucleotides. Files were converted from GTF to 619 

GenBank format with the appropriate flanking region using the AUGUSTUS script 620 

gff2gbSmallDNA.pl. 621 
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Subsequently, the trained model was utilized to predict genes on the manatee genome. For the 622 

ab initio predictions on the manatee genome, BUSCO was employed in protein mode, utilizing 623 

the Eutheria_odb10 dataset. 624 

Evidence-driven annotation of the manatee genome 625 

AUGUSTUS v3.1 was executed with the --sofmasking=on option, utilizing the CDSs identified 626 

by GeneMarkS-T within the filtered PacBio transcripts as extrinsic evidence. To predict several 627 

isoforms per gene, we included the --alternatives-from-evidence=on option. 628 

Subsequently, the protein sequences of these predictions were obtained with the AUGUSTUS 629 

getAnnoFasta.pl script. For assessing the BUSCO completeness, BUSCO was run in protein 630 

mode, employing the Eutheria_odb10 and the protein sequences of the predicted genes obtained 631 

using the created transcriptome. 632 

Finally, BUSCO genes identified in the genome were concatenated with the long-read evidence 633 

and provided to AUGUSTUS as hints for evidence-driven annotation. Protein sequences of the 634 

predictions were obtained to assess the BUSCO completeness of the annotation. 635 

Comparison of the Florida manatee long-reads based genome annotation with the NCBI 636 

Trichechus manatus latirostris Annotation Release 102 637 

To compare the NCBI short-read-based genome annotation of the Florida manatee with our 638 

long-read-based annotation, we first mapped the CDS sequences from NCBI to the LRGASP 639 

Florida manatee genome using minimap2 with the options -ax splice -uf –MD. After obtaining 640 

the primary sorted alignment using SAMtools v1.16, we generated the GFF file using 641 

spliced_bam2gff v1.2. Both annotations were compared using Cuffcompare v2.2.1 with options 642 

-e 0, -d 0, and -G. To validate the unique genes of each annotation, we extracted their protein 643 

sequences and used BLAST v2.13 to search these sequences on a custom-made database with 644 

representatives of all the mammalian proteins, using an E-value cutoff of 1-e3. 645 
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To study the structural classification of isoforms in each annotation, SQANTI3 v5.2 was run 646 

using the liftOver of the NCBI annotation (only the protein-coding sequences) as input and the 647 

complete LRB annotation as the reference annotation; and vice versa. We identified those 648 

isoforms classified by SQANTI3 as fusion and further characterized those cases in which NCBI 649 

isoforms overlapped multiple supported genes of the LRB annotation, i.e. the genes determined 650 

using both the long-read experimental data or BUSCO genes as support for AUGUSTUS during 651 

the prediction step. After filtering the supported predicted genes from the LRB annotation, we 652 

divided these genes into two groups based on whether they were part of a fusion isoform in the 653 

NCBI annotation or not. Then, the number of exons and length of these genes present in the 654 

LRB annotation were studied. 655 

To determine if these supported LRB genes composing the NCBI fusion isoforms were 656 

fragments of the same protein, BLAST v2.13 was run using their protein sequences and 657 

utilizing a custom-made database with all the human proteins. The options used for running 658 

BLAST were an E-value cutoff of 1-e3 and -num_alignments 10. The BLAST custom-made 659 

database was created with all the human-curated proteins available at UniProt. After that, a 660 

custom-made Python script was developed to test if the BLAST hits recovered were the same 661 

for the supported LRB genes overlapped by the same NCBI fusion isoform. To address whether 662 

the fragmentation was caused by the experimental evidence provided for the predictions or 663 

during the gene prediction step, SQANTI3 was run using the experimental data as input and the 664 

supported LRB genes overlapped by NCBI fusion isoforms as reference. In case of 665 

fragmentation during the gene prediction step, the experimental evidence would be classified as 666 

fusion, overlapping multiple genes. 667 

Comparison with other species 668 

To demonstrate the potential of our LRB annotation to improve the NCBI Trichechus manatus 669 

latirostris Annotation Release 102, we selected transcripts with matching splice junctions in 670 

both annotations but with truncated CDS in the NCBI annotation. We extracted the 671 

corresponding protein sequences and searched them using BLASTP v2.15 on the NCBI 672 
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Reference Proteins (refseq_protein) database. The hits of two different species were selected 673 

based on these filters: lowest E-value and both highest query cover and percent of identity. The 674 

four sequences were aligned using Clustal Omega (Sievers and Higgins 2021) from the EMBL-675 

EBI web page (Madeira et al. 2022). 676 

Data sets 677 

Transcriptomics data used in this study was obtained from the LRGASP project and 678 

downloaded from the ENCODE database (https://www.encodeproject.org/), with the following 679 

accession: ENCSR673UKZ for the human WTC11 Illumina RNA-seq (3 samples, 143,171,620 680 

paired-end reads),  ENCSR513JKI for the manatee Illumina RNA-seq (9 samples, 513,272,173 681 

paired-end reads), ENCSR539ZXJ for WTC11 Nanopore raw reads (3 samples, 30,664,338 682 

reads), ENCSR507JOF for WTC11 PacBio raw subreads (3 samples, 6,943,271 FLNC reads), 683 

and ENCSR272BQI (3 Sequel II samples) and ENCSR583MLP (1 Sequel I sample) for 684 

manatee peripheral blood mononuclear cells (5,434,382 FLNC reads). Additionally, this study 685 

generated a total of 2,709,782 FLNC reads from the brain sample of a single manatee 686 

individual. 687 

The human reference genome used for lrRNA-seq and RNA-seq data processing and structural 688 

annotation was downloaded from the GENCODE database (https://www.gencodegenes.org/) 689 

(GRCh38.p13 release 38 reference primary assembly). The corresponding reference annotation 690 

was downloaded from GENCODE and filtered to contain only protein-coding genes. The 691 

LRGASP Trichechus manatus latirostris genome, assembled using Nanopore and Illumina 692 

reads, was downloaded from GenBank (https://www.ncbi.nlm.nih.gov/) (GCA_030013775). 693 

The short-read based TriManLat1.0 genome assembly (GCF_000243295.1) and the NCBI 694 

Trichechus manatus latirostris Annotation Release 102 were downloaded from RefSeq 695 

(https://www.ncbi.nlm.nih.gov/refseq/).  696 

Data access 697 
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The transcriptomics data generated in this study have been submitted to the ENA database 698 

(https://www.ebi.ac.uk/ena/browser/) under accession number PRJEB76292. The custom 699 

scripts, final Florida manatee annotation, and AUGUSTUS hints generated in this study can be 700 

found on GitHub (https://github.com/alexpan00/lr_evidence_driven) and as Supplemental Code. 701 
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Figure 1. Overview of the evidence-driven, ab initio and evidence-based annotation using long-read 899 

technologies. We compared three genome annotation strategies, evidence-based annotation using lrRNA-900 

seq data (a), ab initio gene prediction using AUGUSTUS (b) and evidence-driven annotation combining 901 

both (c). We tested Nanopore (1) and PacBio (2) data independently and in combination (3) with 902 

processing levels ranging from raw reads (i) to transcripts (ii) and collapsing to the gene level (iii). For 903 

the best strategy defined in our benchmark, we evaluated the effect of the sequencing depth and compared 904 

to evidence-driven annotation using Illumina short-reads data. Finally, we applied our strategy to a non-905 

model species, the Florida manatee, applying BUSCO and SQANTI3 to evaluate the completeness of our 906 

annotation and comparing to the available Florida manatee annotation. 907 

Figure 2. Assessment of the incorporation of long-read data to evidence-driven annotation. (A) 908 

Distribution of SQANTI3 categories at the read unique splice-junctions combination, transcript, and 909 

collapsed transcript level for PacBio data processed using Iso-Seq3 and ONT and ONT+PacBio data 910 

processed using FLAIR. Full-Splice-Match (FSM), Incomplete-Splice-Match (ISM), Novel-in-catalog 911 

(NIC), Novel-Not-in-Catalog (NNC). (B) Redundancy of the generated transcriptome and the final 912 

collapsed transcripts set based on the proportion of duplicated BUSCO genes. (C) Evaluation of gene 913 
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predictions by the three models trained with long-read data and the model trained using BUSCO genes. 914 

(D) Selection of the different long-reads-based extrinsic evidence sources used for the evidence-driven 915 

gene predictions. Reads of PacBio, ONT, and a MIX of both (Read); transcript models of PacBio, ONT, 916 

and a MIX of both (Transcript) and collapsed transcripts identified in those transcriptomes (Collapsed 917 

Transcript) were used. 918 

Figure 3. Performance analysis of gene prediction as a function of the number of reads. Sensitivity, 919 

precision (A) and number of missed loci (B) were obtained with different sample sizes of WTC11 cell 920 

line PacBio FLNC reads using evidence-based and evidence-driven approaches. Performance of the 921 

different genome annotation approaches with Illumina short-reads and PacBio long-reads technologies at 922 

the gene level. (C) Ab initio predictions. (D), evidence-based models using PacBio and Illumina 923 

assembled transcriptomes. (E), evidence-driven approach with PacBio, Illumina reads or Illumina 924 

assembled transcriptomes as the source of evidence for the prediction step. 925 

Figure 4. LRB annotation of the Florida manatee. (A) Assessing the BUSCO completeness of the Florida 926 

manatee’s genome annotation with the different approaches. (B) Number of isoforms per gene of NCBI 927 

annotation (left) and the LRB annotation (right). (C) Multiple sequence alignments of proteins of two 928 

manatee-related species, the sequence identified in the new annotation, and the manatee sequence available at 929 

the NCBI. At the top, B cell lymphoma 3 protein is shown. At the bottom, S100P-binding protein isoform X4 930 

is shown. 931 
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