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Abstract
Although ribosome profiling (Ribo-seq) has revealed widespread translation of non-canonical open
reading frames (ncORFs), integrating this information into routine mass spectrometry (MS) workflows
remains challenging due to biochemical constraints and large search databases. We retrained TIS
Transformer, a transcriptomic language model, by incorporating 40,832 Ribo-seq-derived non-canonical
translation initiation sites, enabling the prediction of 48,265 ncORFs, including non-AUG starts, while
preserving canonical protein detection. We combined these predictions with Swiss-Prot sequences to
create Swiss-Prot/MicroProt, a size-controlled database suitable for standard proteomic analysis.
Reanalysis of a comprehensive HeLa MS dataset using this database maintained over 98% concordance
with Swiss-Prot searches, recovering 13,128 canonical proteins and identifying 348 microproteins, 270
of which had orthogonal evidence of their existence. This unified framework facilitates systematic
microprotein detection in conventional proteomics workflows, bridging the gap between canonical and
non-canonical proteome analyses without requiring specialized experimental protocols.

INTRODUCTION
Typical genomic annotations rely heavily on computational rules, including a minimum open reading
frame (ORF) length threshold of approximately 100 codons. This threshold was imposed to avoid
numerous false positives resulting from the random distribution of start and stop codons throughout the
genome1–4. However, this approach inevitably excludes thousands of short or non-canonical open
reading frames (ncORFs), despite the absence of a biological rule requiring a minimal length for coding
sequences for functional proteins. Very small proteins play critical roles in fundamental cellular
processes, including calcium homeostasis, mitochondrial function, and developmental signalling5,6.
Additionally, traditional annotation guidelines have generally restricted eukaryotic genes or mRNAs to a
single annotated coding sequence, further limiting the recognition of additional coding regions within the
same transcripts. These methodological constraints have led to a systematic underestimation of the
prevalence and importance of ncORFs and the proteins they encode7–9.

Ribo-seq has now transformed our understanding of the coding landscape, revealing that translation
occurs beyond the boundaries of conventionally defined coding sequences (CDSs) in transcripts
annotated as mRNAs6,10–12. At the mechanistic level, Ribo-seq identifies the translatome by capturing
ribosome-protected RNA fragments exhibiting the distinctive characteristics of active translation, such
as triplet periodicity, ORF framing, and initiation site enrichment10. The ability to directly measure
ribosome occupancy, rather than inferring coding potential from sequence characteristics alone, has
been revolutionary. Studies using Ribo-seq, including the seminal study by Ingolia et al.13, have revealed
that numerous ncORFs—classified into 6 main biotypes (upstream ORFs [uORFs], upstream-overlapping
ORFs [uoORFs], internal ORFs [intORFs], downstream-overlapping ORFs [doORFs], downstream ORFs
[dORFs], and lncRNA ORFs; see Fig. 1a)—have robust translation signals, despite being previously
overlooked14,15. An initial estimate from the international consortium TransCODE suggested that at least
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7,264 human ncORFs show evidence of translation15. Reanalysis of 295 proteomics datasets from the
ProteomeXchange data repository by this consortium revealed peptide evidence for 2.5% (183 out of
7,264) of these ncORFs16. As the majority of proteins predicted to be encoded by ncORFs are less than

100 amino acids in size, they are referred to as microproteins17–19.

Furthermore, the application of specialized Ribo-seq variants, such as those utilizing harringtonine or
lactimidomycin to stall ribosomes specifically at initiation sites, has facilitated the mapping of non-
canonical translation initiation sites (TISs). This has revealed a vast landscape of translation initiation at
near-cognate codons—codons that differ from the canonical AUG start codon by a single nucleotide
(e.g., CUG, GUG)—which frequently initiate the translation of ncORFs13,20–22. Hence, Ribo-seq is the gold
standard for discovering translated ncORFs12,23,24 and serves as the first reliable, large-scale indicator of
microprotein synthesis, laying the foundation for experimental validation.

Although proteomics has become a common and indispensable technique, microproteins are
intrinsically challenging to detect with standard shotgun mass spectrometry due to combined
biochemical and computational limitations. Biochemically, these proteins are typically present at low
abundance, and their short length results in the generation of only a few tryptic peptides, many of which
are either too short to be uniquely identifiable or too long to be efficiently fragmented and detected by
MS/MS25,26. Computationally, a custom protein database, including both canonical proteins and
microproteins must be generated. Databases such as OpenProt contain all predicted microproteins
larger than 30 amino acids, in addition to canonical proteins27. However, such large databases reduce
identification sensitivity and yield fewer peptide/protein identifications, requiring specialized mass
spectrometry workflows and significant computing resources to address these issues28–31. Although
these methods are useful for exploring the microproteome, they are not suitable for routine MS-based
proteomic analyses. An alternative approach would be to combine Ribo-seq and proteomic analyses of
the same sample to refine a database that includes only ncORFs with evidence of translation32,33.
However, combining Ribo-seq and proteomics on the same biological samples is challenging because
these methods differ significantly in sample preparation requirements, sensitivity, data integration
workflows, and quality control. Ribo-seq is a specialized technique that requires complex library
preparation steps and is more expensive per sample than RNA-seq. These biological, technical, and
economic constraints make it difficult to achieve routine, combined integration at the sample level in
most research laboratories that perform proteomic analyses.

TIS Transformer is a deep learning model that uses transformer-based architectures, originally
developed for natural language processing, to predict TISs directly from transcript nucleotide
sequences34. Hence, such a predictor can be used to determine TISs without requiring experimental
data. The model was trained on a dataset comprising Ensembl transcripts and labels corresponding to
annotated TISs. The dataset contained 96,655 mRNAs, each with a unique annotated TIS (all AUG), and
154,466 lncRNAs labeled as not containing any TIS. Although it was able to identify some ncORFs
embedded in lncRNAs and occasionally additional ORFs appearing alongside canonical CDSs, the
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model’s performance is fundamentally limited by its reliance on the Ensembl annotation framework. This
dependence means the model has very few relevant ncORF examples to learn from. This causes the
model to overlook sequence features unique to ncORFs. A striking example of this is the prediction of
only 0.006% of TISs initiating at non-AUG codons34, although 30%–60% of non-AUG initiation is observed
in Ribo-seq analyses13,22. These discrepancies between the predictions and experimental results were
expected, given that non-AUG start sites were incorrectly labelled as non-TISs in the training set.

We propose that incorporating the characteristics of experimentally detected ncORFs into the training
data, rather than exclusively canonical TISs, would improve the performance of the model and allow it to
overcome the current limitations. To test this hypothesis, we created a training set comprising 96,555
canonical TISs from Ensembl and 40,832 additional TISs associated with ncORFs, as detected by Ribo-
seq across 78 independent studies. We trained TIS Transformer using both the new training and the
original Ensembl sets. Integrating ncORFs into the model maintained TIS Transformer’s predictive
performance for canonical ORFs while simultaneously expanding its coverage to include 48,265 ncORFs,
representing non-canonical translation products or microproteins.

To support the routine identification of microproteins without compromising the detection of canonical
proteins in standard shotgun proteomics, we assembled SwissProt/MicroProt, a database combining
48,265 ncORF-derived microproteins with canonical Swiss‑Prot sequences. By including only
microprotein entries predicted by TIS Transformer, rather than attempting exhaustive coverage of all
possible ncORFs, the database is expected to remain well-suited to conventional proteomics workflows.
This strategy also aims to preserve robust canonical protein identifications, providing an accessible
intermediary between exploratory microproteome resources and widely used reference databases. When
processing MS raw data generated from HeLa samples and performing database searches using
MaxQuant (Andromeda)35, this expanded database maintained near-complete concordance of peptide-
spectrum matches (PSMs), with 5,947,380 shared PSMs when using the standard Swiss-Prot database
(98.83% and 99.33% overlap versus Swiss-Prot and Swiss-Prot/MicroProt searches, respectively). This
process resulted in only a marginal decrease in PSMs (~ 0.49%) and an increase in the number of protein
groups by 413, all without disrupting a core set of 13,291 Swiss-Prot proteins. Notably, this resulted in
the identification of 539 microproteins.

MATERIALS AND METHODS

Ribo-seq
We selected 108 experiments from 74 Ribo-seq initiation and elongation studies that had at least two
libraries per sample. This represented a total of 771 FASTQ files. These studies were performed on 50
different human cell lines and tissues (Supplementary Table 1). A detailed description of the studies is
available in the sample sheets provided in the GitHub repository of this pipeline. The Ribo-seq pipeline
was developed in three stages to facilitate manual validation and quality control (Fig. 1B).
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FASTQ preprocessing

FastQC36 0.12.1 was used to ensure the quality of raw sequence reads prior to downstream analyses.
Adaptors and potential unique molecular identifiers were trimmed using Trim-Galore37 0.6.10. Manual
checks of the FastQC reports were performed before and after trimming to identify any incomplete
adapter trimming or locate any remaining unique molecular identifiers in the raw fastq files. The
trimming arguments used to optimize sample quality are annotated in the sample sheet file shared with
the pipeline in the “trimming_arg” column.

Reads alignment

Bowtie38 v1.3.1 was used to filter out non-ribosome-protected fragment reads from the samples using
the default settings. A Bowtie index for contaminants was constructed, and the reads were aligned to it.
Reads that mapped to the contaminant fasta were rejected. The split-aware aligner STAR39 v2.7.11b was
then used to map the remaining reads on the Ensembl v114 human transcriptome, which was based on
the grch.38 human genome. Study files with a mapping depth of less than 20% were excluded.

ORF calling
Given the large-scale nature of this project, we required an ORF calling framework that could efficiently
identify translation events from the ribosome-protected fragments. For this purpose, we used the state-
of-the-art tool RiboTIE40, integrated within transcript_transformer v1.0.1. RiboTIE identifies translated
ORFs by scoring candidate start–stop codon pairs using a transformer model trained on ribosome
occupancy patterns along the transcripts. Its ability to identify both canonical ORFs and ncORFs,
combined with its robust performance across heterogeneous ribosome profiling datasets of varying
quality, makes it optimal for our analysis.

Retraining of TIS Transformer

TIS Transformer34 is a deep learning model specifically designed to predict TISs in transcripts using
nucleotide sequence information alone. ORFs are subsequently defined by extending the predicted TIS
positions to the first downstream in‑frame stop codon. Transcriptomic data were obtained from
Ensembl41 (v114; Homo_sapiens.GRCh38.114. gtf and
Homo_sapiens.GRCh38.dna.primary_assembly.fa) were processed using TIS transformer
(transcript_transformer v1.0.1) with the argument --data to generate a baseline HDF5 (h5) file. For our
retraining methodology, a modified version of this file was created using a custom Python script (add_tis.
py). This script incorporated 40,832 non-canonical TIS derived from our Ribo-seq pipeline (Fig. 1B), as
positive labels (Fig. 1C). Finally, the machine learning model was trained using both the original and
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modified h5 files to evaluate the impact of the added non-canonical TIS labels on the model
performance. For simplicity, the retrained model is referred to as TISnc Transformer in this study.

To ensure a standardized comparison between the two training methodologies, the prediction thresholds
were calibrated to achieve a consistent recall rate of 91–92% for canonical TISs. Under these
parameters, the required thresholds were determined to be 0.05 for the baseline model and 0.10 for
TISnc Transformer.

Swiss-Prot/MicroProt database
Swiss-Prot/MicroProt is a customized database that integrates Swiss-Prot42 entries and microproteins
predicted by TIS Transformer retrained with ncTISs (Fig. 1C,D). The database enables the identification
of microproteins that fall within the detectable range of conventional shotgun proteomics workflows
alongside canonical proteins, without the need for exhaustive microproteome coverage. Therefore,
identifications obtained using this database should be interpreted as reflecting a subset of
microproteins represented in the Swiss-Prot/MicroProt sequence space that can be detected under the
employed experimental conditions.

Statistical analyses
To evaluate whether the TIS Transformer and TISnc Transformer models differed significantly in their
ability to recover TransCODE ncORFs, we compared the proportion of model-predicted ncORFs that
overlapped with the 7,264 entries from the TransCODE catalog15. Overlap analysis was performed at the
amino acid level following in silico translation of ncORFs. Only microproteins with amino acid sequences
identical to those of the TransCODE entries were considered a match. We created the following 2×2
contingency table showing the number of ncORFs that overlap with TransCODE and the number that do
not for each model:

TIS Transformer Overlap with TransCODE
ncORFs

No overlap with TransCODE
ncORFs

Row
total

a = 548 b = 18,031–548 = 17,483 18,031

TISnc
Transformer

c = 2,788 d = 48,265–2,788 = 45,477 48,265

Grand total 3,336 62,960 66,296

The statistical significance of the differences in recovery rates was first assessed using a two-proportion
z-test. Simultaneously, we performed a chi-squared test of independence on the same contingency table
to verify the robustness of the results. For all tests, the assumptions of large sample sizes and expected
cell counts were satisfied. Statistical significance was set at p < 0.05.
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To evaluate the similarity of the sets of leading proteins returned by the two searches with Swiss-Prot or
Swiss-Prot/MicroProt, we calculated the degree of proteome concordance using the Jaccard index. This
metric was chosen because it provides a size-independent measure of set similarity, which is useful for
evaluating the stability of the identifications when the underlying search space differs substantially in
size.

MS reanalysis

The study by Bekker-Jenssen et al.43 was selected for reanalysis of the data. This generated a
comprehensive HeLa canonical proteome, identifying 584,000 unique peptides and over 12,200 protein-
coding genes. Raw MS data files were downloaded from the ProteomeXchange/PRIDE repository
(identifier PXD004452). We used MaxQuant35 (v2.7.5.0) together with its built-in search engine
Andromeda, one of the most widely used software packages in proteomics data processing. Two
sequence databases were used: Swiss-Prot and Swiss-Prot/MicroProt (Fig. 1C,D).

Sequence database searches were performed using the same parameters as those used in the original
study43. Microproteins with redundant sequences in Swiss-Prot were removed. In brief, the contaminant
database was set to 'default', and all corresponding results were excluded from further analysis. The
data were searched using the following generic variable modifications: methionine oxidation, protein N-
terminal acetylation, and pyro-glutamic acid formation from glutamic acid or glutamine. Additionally,
asparagine and glutamine deamidation were considered. Alkylation modification was set as a fixed
modification (typically carbamidomethylated cysteine). The false discovery rate was set at 1% for PSM
and protein levels.

Microprotein validation

Orthogonal validation with Ribo-Seq
RiboCRYPT44 - This interactive database is designed for the visual exploration and analysis of Ribo-seq
data and a powerful tool for finding ncORFs. The default ribosome-protected fragment (RPF) signal
corresponds to elongating ribosomes. The validation criteria were as follows: (1) The RPF signal in the
reading frame of the predicted ncORF was greater than 50 across its entire length; (2) The RPF signal
showed a clear increase (10x the average noise signal or 1.5 × the out-of-frame signal inside another
overlapping ORF) at the predicted TIS. If the increased signal started upstream or downstream of the
predicted TIS, but criteria 1 and 3 were met, the validation was considered positive, as this was most
likely due to initiation occurring upstream or downstream of the predicted TIS; (3) The RPF signal
showed a clear decrease back down to a noise signal or the out-of-frame signal of another overlapping
ORF at the predicted stop codon.
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TransCODE v3515 – This is a reference database of ncORFs with Ribo-seq evidence that likely encodes
microproteins. The protein sequences of MaxQuant leading microproteins were matched to the
orf_sequence columns in Supplementary Tables 2 and 3 from the TransCODE v35 manuscript, and the
orf_name from the tables was added to the column “transcodev35 ORF mapping” of Supplementary
Table 5 when a match was found.

RiboTIE40 - ncORFs are listed in Supplementary Table 2. The leading microprotein sequence was
compared to the set of unique protein sequences detected in the aggregation of ORFs returned by
RiboTIE. A match is annotated as True in Supplementary Table 5.

Independent validation

Evidence of microprotein expression in MS in other studies specifically focused on microprotein
detection.

Wacholder et al.19 - This study benchmarked MS methods to establish a robust standard for the
detection of previously unannotated human microproteins. Peptides in the protein group with a leading
microprotein were matched to the unmodified peptide column of Supplementary Table 1 of the study.
The orf_names associated to the matched peptides in the table was then annotated when there was one
or multiple match

Deutsch et al.16 - This manuscript determines a high-confidence, MS-based landscape for TransCODE
v35 ncORFs and their associated microproteins. For the microproteins identified by Deutch et al. in
Supplementary Table 3, the protein sequences were retrieved by matching the column Ribo-Seq_ORF to
the ORF in the TransCODE v35 supplementary table s2 and s3. The sequences were then matched to the
sequences of the leading proteins detected in the MaxQuant analysis, and the TransCODE v35 id was
applied when there was a match.

OpenProt27 is a proteogenomic resource that uses a machine learning-based method to recalculate
peptide scores, improving peptide identification and increasing confidence in microprotein identification.
The sequences of the leading microproteins were matched with the microproteins (IP_ and II_)
sequences in the OpenProt human v2.2 fasta file. The OpenProt v2.2 list of human proteins was used to
return any MS evidence for each OpenProt ID.

RESULTS

Distribution of Ribo-seq ORFs and TISs
Our Ribo-seq pipeline identified 87,110 unique ORFs (Supplementary Table 2). The distribution of ORF
types identified by RiboTIE remained consistent across the 118 experiments (Supplementary Fig. 1),
confirming its ability to provide reliable results for translated ORFs under various ribo-seq analysis
conditions, including those with different sequencing depths40. In addition to annotated CDSs
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representing 50.4% of ORFs, 27.4% corresponded to N-terminal truncation and N-terminal extension of
canonical CDSs (Supplementary Fig. 2A). The number of N-terminal truncation was approximately twice
as high as the number of N-terminal extensions (Supplementary Fig. 2B). These proportions were similar
to those previously reported40. As this study focused on ncORFs rather than CDS isoforms, N-terminal
extensions and truncations were excluded from subsequent analyses. The distribution of ncORFs
indicated that uORFs, uoORFs, and lncRNA ORFs are the three most abundant ncORF types, which is
consistent with RiboTIE40 and TransCODE15 v35, as shown in Supplementary Fig. 2C. With regard to the
distribution of non-ATG TISs, CTG, TTG, and GTG represented the most abundant categories in
descending order, as previously reported (Supplementary Fig. 2D). In total, the pipeline identified 40,397
ncTISs associated with 19,585 distinct ncORFs (Supplementary Table 3). As each TIS is associated with
a transcript and the same ORF can appear on multiple transcripts, there are more TISs than unique ORFs.

Overall, these results revealed that the ncORFs identified by our ribo-seq pipeline in the 118 analyzed
experiments exhibited characteristics similar to those previously reported.

The integration of ncORFs in the training set does not affect TIS Transformer’s ability to predict
canonical ORFs and increases coverage of ncORFs at inference

It is important to determine the impact of adding ncTISs on the stability of TIS Transformer. For
simplicity, TIS Transformer retrained using a combination of Ensembl TIS and ncTISs is termed TISnc
Transformer. Retraining slightly degraded the performance of the model, with an area under the
precision-recall curve of 0,79 for the original training with Ensembl, and 0,76 for retraining (Fig. 2A).
However, TISnc Transformer retained a large stable core of the original predictions (i.e., 60,371 canonical
ORFs) (Fig. 2B). We observed a modest loss of 1254 canonical ORFs, representing 2.03%. This indicates
that the model learned stable patterns for canonical TISs that persisted after integrating 40,397 ncTISs
into the training dataset.

TISnc Transformer predicted 48,265 ncORFs compared to 18,031 for TIS Transformer (Fig. 2B;
Supplementary Table 4). This significant increase in the volume of predicted ncORFs at a stable number
of canonical ORFs confirmed that retraining was not redundant and allowed the model to capture the
new patterns associated with ncTISs. Notably, the model successfully predicted non-ATG ncRNAs and a
larger number of uORFs (Fig. 2C), in agreement with experimental Ribo-seq data (Fig. S1C). Unlike TIS
Transformer, it also captured intORFs (Fig. 2C).

The TransCODE consortium provides a consensus catalog of 7,264 human ncORFs with strong
translation signatures that are now annotated by GENCODE15. With the initial TIS Transformer model,
3.04% (548/18,031) of the predictions overlapped with the TransCODE catalog (Fig. 2D). With TISnc
Transformer, the proportion of TransCODE ncORFs within the total prediction set increased to 5.78%
(2,788/48,265). To test whether the larger number of TransCODE ncORFs recovered by TISnc
Transformer was merely a reflection of its higher total prediction volume or a consequence of improved
model sensitivity, we evaluated the significance of this difference between the two models using both a
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two‑proportion z‑test and a chi-squared test. Both statistical tests indicated a highly significant
enrichment of curated ncORFs in the predictions of the TISnc Transformer (two-proportion z-test: z = − 
14.35, p = 1.1 × 10⁻⁴⁶; chi-squared test: χ² = 205.24, p = 1.5 × 10⁻⁴⁶). These findings reject the hypothesis
that the increased identification of TransCODE ncORFs is a stochastic byproduct of a larger search
space. Instead, they suggested that retraining enhanced the ability of TISnc Transformer to distinguish
biologically relevant ncORFs from the background.

Collectively, these results support our hypothesis that incorporating ncTISs in the training set of TIS
Transformer improves the model’s predictive performance on ncORFs.

Database search using MaxQuant (Andromeda)
Our customized Swiss-Prot/MicroProt database for microprotein detection was built by including the
protein sequences of ncORFs predicted by TISnc Transformer into the Swiss-Prot database, which is
typically used for standard MS analyses. Swiss-Prot/MicroProt aims to support the identification of
microproteins without compromising the detection of canonical proteins, enabling both to be analyzed
using conventional shotgun proteomic workflows typically optimized for canonical proteins.

To evaluate the impact of expanding the database from 20,431 to 68,531 entries, we compared the
search results of Swiss-Prot and Swiss-Prot/MicroProt. The vast majority of identifications remained
stable across both searches, with 5,947,380 shared peptide-spectrum matches (PSMs) (Fig. 3A). The
search using Swiss-Prot showed a 98.83% overlap, while the search using Swiss-Prot/MicroProt showed
a 99.83% overlap relative to the total number of identified proteins. We observed a marginal decrease in
total PSMs when using the Swiss-Prot/MicroProt database (-0.49%). This minor reduction is consistent
with the increased search space inherent in larger databases; the addition of target sequences can lead
to a higher frequency of alternative matches, requiring a more stringent score threshold to maintain a 1%
FDR. Thus, a fraction of spectra loses confident identifications in the expanded search45–47 MaxQuant

reports all identifications as protein groups48,35. Despite a slight decrease in the number of PSMs, the
number of protein groups increased by 215, indicating new protein-level identification (Fig. 3B). The two
searches shared a core of 12,020 protein groups, accounting for 87.77% and 84.24% of the total number
of protein groups, respectively, indicating a strong consistency. When using the canonical Swiss‑Prot
database alone, 1,481 protein groups were uniquely identified, whereas the Swiss‑Prot/MicroProt
database yielded 1,894 specific protein groups, reflecting the successful assignment of spectra to
microprotein entries (Fig. 3D) without substantially affecting Swiss-Prot protein detection. Interestingly,
135 PSMs initially allocated to peptides from Swiss-Prot proteins were reallocated to peptides from
microproteins with higher MaxQuant scores (Fig. 3D; see Supplementary Fig. 3 for examples of
reallocated MS2 spectra).

For protein inference, MaxQuant35 assigns a leading protein to represent each protein group, selecting
the entry with the strongest peptide-level support (e.g., number of peptides, scores, and sequence
coverage). The concordance between the two database searches was high: 13,291 leading proteins (or
13,265 genes) were shared, corresponding to 98.55% of all leading proteins identified in the Swiss‑Prot
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database (13,291/13,501) and 98.98% of those identified in the Swiss‑Prot/MicroProt database
(13,291/13,914). When considering the combined set of leading proteins (14,124 total), the Jaccard
index was 94.1%, indicating that the inferred canonical proteome remained highly stable despite the
substantial expansion of the search space. Among the 623 leading proteins unique to the Swiss-
Prot/MicroProt search, 539 (or 403 genes) corresponded to microproteins (Fig. 3D, Supplementary
Table 5). Overall, microproteins accounted for 3.87% of the total (i.e., 539 out of 13,914). In contrast,
canonical Swiss‑Prot proteins exhibited a modest contraction, with 210 leading proteins detected only in
the Swiss-Prot search versus 84 detected only in the expanded search. This asymmetry is consistent
with the expected effects of a larger database, including slightly stricter protein-level FDR thresholds and
changes in peptide parsimony when additional candidate sequences are available45–47.

All ncORF classes were represented among the ncORFs encoding microproteins, with doORF and
lncRNA-ORFs being the most frequently observed (Fig. 3E). The initiation codons included 518 ATG, 14
CTG, five GTG, and two TTG. Examples of annotated MS2 spectra corresponding to microproteins
encoded by these ncORF classes are presented in Supplementary Fig. 4.

Together, these results show that expanding the database from 20,431 entries in Swiss-Prot to 68,531 in
Swiss-Prot/MicroProt induces only minor reshaping of canonical protein groups while enabling
substantive recovery of microproteins that are inaccessible to searches using Swiss‑Prot alone.

Microproteins
Before exploring the biological functions of the microproteins identified by MaxQuant in more detail, it is
essential to confirm that they are indeed translated and exist as stable protein products within cells. This
can be achieved using methods such as Ribo-seq and targeted proteomics. This is particularly important
because microproteins are very short, tend to be present in low quantities, and often produce only one
detectable peptide, making them difficult to identify with confidence using shotgun MS alone25,26.
Although these validations are beyond the scope of our study, we cross-referenced our data with current
proteogenomic resources to assess the quality of our results. Of the 539 microproteins identified by
MaxQuant, 395 have previously shown evidence of orthogonal (i.e., Ribo-Seq) or independent (i.e., MS)
expression (Fig. 3F, Supplementary Table 5). Of these, 364 were detected at the translational level by
Ribo-seq, 90 at the peptide level by MS, and 39 by both methods. This level of overlap with external
sources, based on a cursory comparison, is encouraging and suggests that the proposed analytical
method can be used to discover microproteins with evidence of expression in the human proteome.

DISCUSSION
The significant differences between standard shotgun proteomic workflows and proteogenomic
pipelines dedicated to microprotein discovery hinder the simultaneous detection of canonical proteins
and microproteins, thereby impeding the functional study of microproteins in routine proteomics
experiments. Here, we propose pairing an improved TIS prediction framework with a practical search
database to address this issue. Specifically, we showed that expanding TIS Transformer training set to
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incorporate Ribo-seq-supported ncTISs enhanced the detection of both canonical TISs and ncTISs
without compromising the performance on canonical CDSs. In parallel, we leveraged these gains in
prediction for routine proteomics by constructing a SwissProt/MicroProt database. In the reanalysis of
MS data for the HeLa proteome, this database maintained near-complete PSM concordance with
conventional SwissProt searches (98.8–99.3% overlap), incurred only a 0.5% decrease in PSMs, and
increased protein groups by 413. This yielded 539 microprotein identifications, accounting for 3.90% of
the total number of proteins identified. A significant proportion of these genes have previously been
shown to exhibit evidence of translation via Ribo-seq. These results indicate that the Swiss-
Prot/MicroProt database can be used to systematically detect microproteins in shotgun proteomic
experiments.

MS-based proteomics has become a routinely used core technique in functional biology, a trend
reflected in the significant recent increase in the generation and sharing of MS-based datasets through
ProteomeXchange49. Continuing to investigate microproteins and canonical proteins separately has
important conceptual and practical implications for functional proteomics. This division perpetuates
methodological bias toward larger, well-annotated proteins and systematically underestimates the
regulatory impact of microproteins in cellular and disease contexts5. The resulting fragmentation of
datasets and resources further limits the integration of microproteins into protein–protein interaction
networks, pathway representations, and system-level models, hindering efforts to construct
comprehensive and quantitative views of cellular function50,51. The Swiss-Prot/MicroProt database is
expected to help bridge the gap between these two fields, thereby improving the quality of biological
information.

An alternative approach to achieving a standard strategy for detecting both canonical proteins and
microproteins within an inclusive database compatible with common search engines, such as
MaxQuant/Andromeda, would be to restrict shotgun MS searches to ncORFs supported by matched
Ribo-seq evidence. However, this would be impractical for routine workflows, as generating Ribo-seq
data for every sample would significantly increase costs and labour. In addition, unlike proteomics
pipelines, which typically accommodate standardized sample preparation, diverse biological materials
such as tissues, patient biopsies, archived specimens, or large cohorts cannot readily be adapted to
Ribo-seq protocols. Therefore, incorporating Ribo-seq into every MS experiment would be either too
resource-intensive and low-throughput or not feasible for many sample types.

Despite the growing recognition of their prevalence and importance52, microproteins are still commonly
studied separately from canonical proteins, largely because they typically require tailored proteogenomic
searches rather than sequence-based predictions and standard proteomics, which are sufficient for
canonical proteins19. However, investigating the microproteome separately from the canonical proteome
inevitably leads to fragmented functional proteomics, limiting our ability to recover complete biological
pathways and regulatory interactions in the proteome50,51. We suggest that analyzing canonical proteins
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and microproteins within a unified framework using the Swiss-Prot/MicroProt database will help recover
a significant fraction of this biological information.

Limits of the study - Our approach is not designed for cutting‑edge microprotein research, which typically
requires a multidisciplinary approach integrating dedicated methods such as low–molecular‑weight
protein enrichment, high‑resolution proteomics, ribosome profiling, and highly specialized computational
analysis pipelines6,53. It only allows the detection of microproteins that are successfully extracted under
the experimental conditions used for sample preparation, are sufficiently abundant, generate peptides
that can be analyzed by MS, and are present in the Swiss-Prot/MicroProt database. Additionally, because
TISnc Transformer was trained with ncORFs derived from Ribo-seq data obtained through large-scale
meta-analyses, our approach has the advantage of leveraging existing data without the need for new
Ribo-seq sequences. However, it may fail to account for ncORFs that are translated only in rare
circumstances. Finally, factors such as RNA secondary and tertiary structures, RNA-binding proteins,
ribosome pausing, and uORFs strongly influence translation initiation54,55. Although the TIS Transformer
model achieves state-of-the-art performance in learning sequence-encoded determinants of translation
initiation34, its predictions are still limited by biological features that cannot be captured by the primary
sequence alone.
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Figure 1

Integration of Ribo-seq canonical and non-canonical TISs (ncTISs) into a transcriptomic language
model for the systematic detection of microproteins in a typical MS-based proteomics analysis. (A)
Diagram depicting the standardized terminology for non-canonical ORFs (ncORF) types. The canonical
CDS and ncORFs are represented by red and green boxes, respectively. uORF, upstream ORF; uoORF,
upstream-overlapping ORF; intORF, internal ORF; doORF, downstream overlapping ORF; dORF,
downstream ORF; lncRNA ORF, long non-coding ORF. (B) Human experimental ncTISs and ncORFs were
identified by reanalyzing 74 ribo-seq studies integrating 108 experiments. As TISs are mapped onto
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transcripts and the same ORF can be present on several transcripts originating from the same gene, the
number of TISs (40,832) is necessarily higher than the number of ORFs (19,572). (C) TIS Transformer
was retrained using Ensembl TISs (red) and ncTISs (green) from (B). (D) A customized Swiss-
Prot/MicroProt database was generated and used to reanalyze publicly available MS datasets.

Figure 2

Retraining TIS Transformer with ncTISs improves its ability to predict ncORFs without affecting the
prediction of CDSs. (A) Precision-recall curve for TIS Transformer (trained with Ensembl TISs) and TISnc
Transformer (trained with Ensembl TISs and 40,832 ncTISs). For an accurate comparison of canonical
prediction performance, ncTISs added to the TISnc training set were masked in the PR curve calculation.
(B) Proportion of predicted unique ORF sequences common and specific to TIS Transformer and TISnc
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Transformer. (C) Predicted ncORFs with ATG or non-ATG TISs. (D) TISnc Transformer is more effective
than TIS Transformer at predicting ncORFs annotated in the TransCODE_v35 catalogue.

Figure 3

Main layers of information returned by the database search with either Swiss-Prot or Swiss-
Prot/MicroProt using MaxQuant (Andromeda) and cross-validation.(A-C) Total PSMs (A), protein groups
(B), and MaxQuant leading proteins (C) for each database search, with shared features (green) at the
base and search-specific features stacked on top. (D) Four microprotein-specific metrics from the Swiss-
Prot/MicroProt search. (E) Number of different ncORF classes encoding the 348 leading microproteins.
(F) Cross-validation of the leading microproteins using various proteogenomic resources.
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