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Fig. 1 Biogenesis and classification of tRFs

During the maturation process of tRNA, the endonuclease Z (RNase Z/ELAC2) removes the 3'-trailer sequence from pre-tRNA, thereby producing

tRF-1. tRF-3 originates from the 3' end of the mature tRNA TYC, and is typically formed by cleavage with Dicer or ANG. tRF-5 is formed by a Dicer-

dependent cleavage in the D loop or stem region of the mature tRNA.
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Fig. 2 The procedure for establishing the tRF Prospect
The tRF:mRNA binding data were acquired from CLASH, and 7

Get gene targets}

computational features were utilized for training the tRF Prospect
model. The model’s accuracy was enhanced through tenfold cross-
validation. A performance index was obtained to select the model with

the highest accuracy for tRF Prospect.
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Table 1 Parameter selection for the tRF Prospect model

Parameters of the logistic regression model ~ Application parameter

Penalty L2
C 0.001
Fit_intercept True
Solver sag/saga

SR, ZERINGAS RN A 3 MR AUCH AR IR
0.9, ULHAMERERIE (F3).

Table 2 Weight of each feature in logistic regression model

The number of The position Localization of Enumeration The length of

the binding
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consecutive

pairing

region sites

Binding zone  Seed sequence

of binding the longest length
consecutive

pairing

The 3'UTR model feature weight -0.273 646 61 0.007 58203 —0.000 741 06 0.002 893 97  0.010 800 48
-0.006 221
The CDS model feature weight —0.277 443 16 0.014 703 73  -0.006 679 13  0.023 001 22 0.004 092 62

The 5'UTR model feature weight —-0.257 24275 0.015410 82
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Fig.3 ROC curve of logistic regression model

Three prediction models for tRF:mRNA target genes (3'UTR, S'UTR, and CDS) were developed using logistic regression algorithm, with their

corresponding ROC curves and AUC values.
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Fig. 4 ROC curve of random forest model
Three prediction models for tRF:mRNA target genes (3'UTR, 5'UTR, and CDS) were developed using random forest algorithm, with their

corresponding ROC curves and AUC values.
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Fig. 5 ROC curve of decision tree model
Three prediction models for tRF:mRNA target genes (3'UTR, 5'UTR, and CDS) were developed using decision tree algorithm, with their

corresponding ROC curves and AUC values.
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Table 3 Parameter setting of multi-layer perceptron model

Parameters of the multilayer perceptron model

Application parameter

Hidden_layer sizes
Activation
Solver
Alpha
Batch_size

Random_state

(100, 100)
relu
sgd

0.001
auto

42
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Fig. 6 AUC curve of multi-layer perceptron model

Three prediction models for tRF:mRNA target genes (3'UTR, 5'UTR, and CDS) were developed using multilayer perceptron algorithm, with their

corresponding ROC curves and AUC values.

Table 4 AUC values of each model

Model Logistic regression Random forest Decision tree Multilayer perceptron
3'UTR 0.82 0.883 0.875 0.933
5'UTR 0.725 0.815 0.821 0.873

CDS 0.8 0.880 0.857 0.934

The performance of the 4 models in predicting the binding of tRF to the 3'UTR, S'UTR, and CDS regions of mRNA is shown.
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Table 5 Validation of each algorithm

Experiment Cell type Algorithm # of targets
tRF AS-tDR-007333 overexpression (GSE184690) A549 tRF Prospect 87
tRFTar N/A
tRForest N/A
tRFTarget N/A
tRF-3004b overexpression (GSE197091) HEK293T tRF Prospect 2262
tRFTar N/A
tRForest 111
tRFTarget 5000
tRF-20-S998LO9ID overexpression (GSE208381) RL-95-2 tRF Prospect 697
tRFTar 25
tRForest N/A
tRF Target N/A
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Abstract Objective Transfer RNA-derived fragments (tRFs) are a recently characterized and rapidly
expanding class of small non-coding RNAs, typically ranging from 13 to 50 nucleotides in length. They are
derived from mature or precursor tRNA molecules through specific cleavage events and have been implicated in a
wide range of cellular processes. Increasing evidence indicates that tRFs play important regulatory roles in gene
expression, primarily by interacting with target messenger RNAs (mRNAs) to induce transcript degradation, in a
manner partially analogous to microRNAs (miRNAs). However, despite their emerging biological relevance and
potential roles in disease mechanisms, there remains a significant lack of computational tools capable of

systematically predicting the interaction landscape between tRFs and their target mRNAs. Existing databases
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often rely on limited interaction features and lack the flexibility to accommodate novel or user-defined tRF
sequences. The primary goal of this study was to develop a machine learning based prediction algorithm that
enables high-throughput, accurate identification of tRF:mRNA binding events, thereby facilitating the functional
analysis of tRF regulatory networks. Methods We began by assembling a manually curated dataset of 38 687
experimentally verified tRF:mRNA interaction pairs and extracting seven biologically informed features for each
pair: (1) AU content of the binding site, (2) site pairing status, (3) binding region location, (4) number of binding
sites per mRNA, (5) length of the longest consecutive complementary stretch, (6) total binding region length, and
(7) seed sequence complementarity. Using this dataset and feature set, we trained 4 distinct machine learning
classifiers—logistic regression, random forest, decision tree, and a multilayer perceptron (MLP) —to compare
their ability to discriminate true interactions from non-interactions. Each model’s performance was evaluated
using overall accuracy, receiver operating characteristic (ROC) curves, and the corresponding area under the ROC
curve (AUC). The MLP consistently achieved the highest AUC among the four, and was therefore selected as the
backbone of our prediction framework, which we named tRF Prospect. For biological validation, we retrieved 3
high-throughput RNA-seq datasets from the gene expression omnibus (GEO) in which individual tRFs were
overexpressed: AS-tDR-007333 (GSE184690), tRF-3004b (GSE197091), and tRF-20-S998L0O9D (GSE208381).
Differential expression analysis of each dataset identified genes downregulated upon tRF overexpression, which
we designated as putative targets. We then compared the predictions generated by tRF Prospect against those from
three established tools—tRFTar, tRForest, and tRFTarget—Dby quantifying the number of predicted targets for
each tRF and assessing concordance with the experimentally derived gene sets. Results The proposed algorithm
achieved high predictive accuracy, with an AUC of 0.934. Functional validation was conducted using
transcriptome-wide RNA-seq datasets from cells overexpressing specific tRFs, confirming the model’s ability to
accurately predict biologically relevant downregulation of mRNA targets. When benchmarked against established
tools such as tRFTar, tRForest, and tRFTarget, tRF Prospect consistently demonstrated superior performance, both
in terms of predictive precision and sensitivity, as well as in identifying a higher number of true-positive
interactions. Moreover, unlike static databases that are limited to precomputed results, tRF Prospect supports real-
time prediction for any user-defined tRF sequence, enhancing its applicability in exploratory and hypothesis-
driven research. Conclusion This study introduces tRF Prospect as a powerful and flexible computational tool
for investigating tRF:mRNA interactions. By leveraging the predictive strength of deep learning and incorporating
a broad spectrum of interaction-relevant features, it addresses key limitations of existing platforms. Specifically,
tRF Prospect: (1) expands the range of detectable tRF and target types; (2) improves prediction accuracy through
multilayer perceptron model; and (3) allows for dynamic, user-driven analysis beyond database constraints.
Although the current version emphasizes miRNA-like repression mechanisms and faces challenges in accurately
capturing 5'UTR-associated binding events, it nonetheless provides a critical foundation for future studies aiming

to unravel the complex roles of tRFs in gene regulation, cellular function, and disease pathogenesis.
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