RESEARCH ARTICLE

small

methods

www.small-methods.com

POCALI: Prediction and Insight on CAncer LncRNAs by
Integrating Multi-Omics Data with Machine Learning

Ziyan Rao, Chenyang Wu, Yunxi Liao, Chuan Ye, Shaodong Huang, and Dongyu Zhao*

Long non-coding RNAs (IncRNAs) are receiving increasing attention as
biomarkers for cancer diagnosis and therapy. Although there are many com-
putational methods to identify cancer IncRNAs, they do not comprehensively
integrate multi-omics features for predictions or systematically evaluate the
contribution of each omics to the multifaceted landscape of cancer IncRNAs.
In this study, an algorithm, POCALLI, is developed to identify cancer IncRNAs
by integrating 44 omics features across six categories. The contributions of dif-
ferent omics are explored to identifying cancer IncRNAs and, more specifically,
how each feature contributes to a single prediction. The model is evaluated and
benchmarked POCALI with existing methods. Finally, the cancer phenotype
and genomics characteristics of the predicted novel cancer IncRNAs are
validated. POCALI identifies secondary structure and gene expression-related
features as strong predictors of cancer IncRNAs, and epigenomic features as
moderate predictors. POCALI performed better than other methods, especially
in terms of sensitivity, and predicted more candidates. Novel POCALI-predicted
cancer IncRNAs have strong relationships with cancer phenotypes, similar

to known cancer IncRNAs. Overall, this study facilitates the identification

of previously undetected cancer IncRNAs and the comprehensive exploration
of the multifaceted feature contributions to cancer IncRNA prediction.

1. Introduction

Cancer is a complicated disease and a leading cause of death
worldwide.'! Understanding the mechanisms of cell transfor-
mation is a fundamental goal in cancer research. A significant
step toward achieving this aim involves identifying all the genes
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capable of driving tumors.”l Most stud-
ies have focused on the perspective
of protein-coding genes (PCGs) and
mutation mechanisms in cancer gene
discovery.>*! However, in recent years,
evidence has shown that a lack of muta-
tion can also drive cancer development
and promote the discovery of cancer
genes—via epigenomics, for instance.l>™!
An increasing amount of research has
also revealed the important role of non-
coding RNA in cancer. This includes
long non-coding RNA (IncRNA), whose
molecule comprises more than 200 nu-
cleotides and has little potential for pro-
tein translation. IncRNAs are involved in
a series of cellular and biological pro-
cesses, including chromatin architecture
and gene regulation.'®!l Their abnor-
mal expression and mutations are closely
associated with carcinogenesis, metas-
tasis, and tumor stages.'”) Intergenic
IncRNAs constitute a prominent type of
IncRNAs that are particularly useful for
computational and experimental studies
due to their lack of overlap with PCGs.

Many powerful experimental technologies and computational
tools have allowed for the extensively exploring the role of
IncRNAs in cancer. For example, CRISPR-mediated interference
(CRISPRi)-based genome-scale screening has led to the iden-
tification of 499 IncRNA loci that modify cell growth.l}] Anti-
sense LNA-modified GapmeR antisense oligonucleotide (ASO)
technology has been used to suppress the expression of 285
IncRNAs in human primary dermal fibroblasts and assess cel-
lular and molecular phenotypes separately.'* Further, Cancer
LncRNA Census (CLC) and Lnc2Cancer initiatives have led to the
collection of cancer IncRNAs through literature research, provid-
ing a potential golden standard for predicting and evaluating can-
cer IncRNAs. Both CLC and Lnc2Cancer have been updated to
version 3.[11¢] Our previous work CADTAD identified core can-
cer driver IncRNAs by relating to cancer driver PCGs.!"”] In addi-
tion, ExInAtor has been used to identify cancer driver IncRNAs
based on mutation characteristics.!'31]

As the amount of data on biology increases, data-driven Al
approaches can help researchers conduct more effective re-
search. Notably, some of the methods adopted for the discov-
ery of cancer IncRNAs involve the use of machine learning
for predictions.?*??! Zhao et al. identified 707 potential cancer-
related IncRNAs by developing a computational method based on
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the naive Bayesian classifier method and by integrating genome,
regulome, and transcriptome data.l?”) CRIncRC, a random forest
classifier that integrates genomic, expression, epigenomics, and
network features, enables the identification of 121 cancer-related
IncRNA candidates.?!l CRIncRC2, an improved version of CRI-
ncRC, was developed by using the XGBoost framework, SMOTE-
based over-sampling, and Laplacian Score-based feature selec-
tion, leading to the identification of 439 cancer-related IncRNA
candidates.[?”l However, Zhao’s method only involved eight sim-
ple features as representatives of IncRNA characteristics, and
CRIncRC’s utilization of expression and epigenomic features in
each tissue made the resulting explanations lack general and
representative features for identifying cancer-related IncRNAs.
CRIncRC2 has the same disadvantage, albeit with feature selec-
tion. Further, researchers usually identify cancer driver PCGs
based on mutations, and the use of such data with ExInAtor and
OncodriveFML has led to progress in identifying cancer driver
IncRNAs.[181923] However, ExInAtor was observed to lose pre-
diction sensitivity, and it lacks an evaluation system for explor-
ing how mutations contribute to cancer IncRNA identification.
Since epigenomic features can also be used to identify cancer
genes,[®39 we investigated their utility in identifying cancer IncR-
NAs and whether other features could lead to the better identifi-
cation of cancer IncRNAs.

To address these objectives, we developed a method called
POCALI (Prediction and insight On CAncer LncRNAs by Inte-
grating multi-omics data with machine learning) based on Light-
GBM, with EasyEnsemble trained on known and well-defined
cancer IncRNAs (CalncRNAs) and neutral IncRNAs (NeulncR-
NAs) obtained by strict criteria. By using POCALI, we found that
transcriptome features, such as secondary structure and differ-
ential expression, largely contributed to CalncRNA predictions
and that epigenomic features moderately contributed to predic-
tions. Our evaluation revealed that POCALI performs better than
other methods, especially in terms of sensitivity and prediction
number. We also used multiple cancer phenotypes and functional
genomics datasets to evaluate the novel CalncRNA predicted by
POCALI and found a strong relationship between them and can-
cer phenotypes, similar to known CalncRNAs.

2. Results

2.1. POCALI Predicts CalncRNAs Based on Known Cancer
IncRNAs and Neutral IncRNAs

We developed the computational tool POCALI to predict CalncR-
NAs by integrating features from six categories (Epigenomics,
Genomics, Transcriptomics, Phenotype, Network, and Muta-
tion), collecting high-quality training datasets, and selecting the
best-performing model from multiple classification algorithms.
We also analyzed these features’ contributions to the prediction
results and subsequently compared POCALI to other methods.
Finally, we used some function datasets to validate the functions
of novel CalncRNAs in cancer (Figure 1A).

Based on a literature search, we collected a total of 44 features
that were likely to be predictive of CalncRNAs. These features
either have known roles in predicting cancer PCGs or potential
links to the discovery of CalncRNAs.[*182L23] We aimed to deter-
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mine whether some features that can be used to identify cancer
PCGs can also predict CalncRNAs. We categorized these features
into six major types (Figure S1A and Table S1, Supporting Infor-
mation): a) 15 epigenomic features adapted from DORGE,"! in-
cluding peak width of 11 histone modifications, super enhancer
percentages, promoter and gene body methylation, and replica-
tion time S50 score; b) 13 genomic features including one feature
related to gene length, 10 features adapted from CRIncRC,1*! one
feature obtained from CADTAD,!'] and one feature about k-mer
content!?*] that has not been used to predict CalncRNAs; ¢) six
transcriptomics features, including two gene expression-related
features, which have been widely used to identify cancer-related
IncRNAs in many studies, and four secondary structure-related
features that could have the potential to identify CalncRNAs, as
they have been previously used to identify gene/IncRNA essen-
tiality and different types of RNA;[2>2¢] d) three network features,
including their interactions with cancer-related mRNA, miRNA,
and protein, which could hint at the potential roles of IncRNAs in
cancer; and e) four mutation features adapted from ExInAtor,!8]
OncodriveFML,!) and copy number variations (CNVs), which
have previously been used to identify CalncRNAs.?-1] We used
these features to annotate all IncRNAs.

CalncRNA prediction is a classification problem that requires
a high-quality training dataset containing reliable CalncRNAs
as the positive dataset and a dataset containing the IncRNAs
unlikely to be CalncRNAs as the negative dataset. Therefore,
we established strict criteria to select the training datasets.
First, we considered only the intergenic IncRNAs present in
the high-quality curations from GENCODEP? to eliminate
the potential influence of PCGs on mutation or epigenomics.
This resulted in 10 746 IncRNA genes as references. Second,
we collected positive-training IncRNA sets from CLC3[%5! and
CADTAD!! (Table S1, Supporting Information). Our negative-
training IncRNA set was derived from all available IncRNAs, ex-
cluding 16 potential cancer-related IncRNA datasets (Figure S1B,
Supporting Information). Finally, we obtained training IncRNAs
whose gene names were not ESEMBL IDs, as these may have
been studied and have clear functions. This resulted in a train-
ing set that included 285 CalncRNAs and 1661 NeulncRNAs
(Figure S1C, Supporting Information).

To carefully distinguish the roles of IncRNA in cancer, we di-
vided CalncRNA into two categories: oncogenic IncRNAs (On-
colncRNAs) and tumor-suppressive IncRNAs (TSIncRNAs). We
excluded 27 dual-function IncRNAs, aiming to understand the
difference between OncolncRNAs and TSIncRNAs better, which
resulted in 193 OncolncRNAs and 65 TSIncRNAs (Figure S1C,
Supporting Information). We conducted a preliminary univari-
ate comparison analysis of OncolncRNAs, TSIncRNAs, and Neul-
ncRNAs and found that although the difference in most features
between TSIncRNAs (or OncolncRNAs) and NeulncRNAs was
significant, there was no significant difference between TSIncR-
NAs and OncolncRNAs in almost all features (Figure S2, Sup-
porting Information). Similar differences were found between
TSIncRNAs and NeulncRNAs and between OncolncRNAs and
NeulncRNAs. Therefore, we combined OncolncRNAs, TSIncR-
NAs, and dual-function IncRNAs into the category of CalncRNAs
to train a binary classification algorithm POCALI, which was sub-
sequently applied to every IncRNA gene to predict its probability
of being a CalncRNA. We used the predicted probabilities to rank
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Figure 1. Flowchart of the POCALI method.A) A systematic overview of the POCALI method. The workflow includes collecting training data, extracting
features, selecting algorithms, training the model, analyzing the features’ contribution, and evaluating the model and prediction results. B) Detailed
information about algorithm selection. C) Detailed model training process.

Small Methods 2025, 9, 2401987

2401987 (3 of 19)

© 2025 The Author(s). Small Methods published by Wiley-VCH GmbH


http://www.advancedsciencenews.com
http://www.small-methods.com

ADVANCED
SCIENCE NEWS

small

methods

www.advancedsciencenews.com

the IncRNAs and thus identified the top-ranked IncRNAs as can-
didate CalncRNAs.

To train a classifier for CalncRNA prediction, we compared
eleven classification algorithms (Figure 1B): Naive Bayes, K-
Nearest Neighbors (KNN), logistic regression (LR), LR with the
lasso penalty, LR with the ridge penalty, LR with the elastic net
penalty, support vector machines (SVM) with the linear kernel,
SVM with the Gaussian kernel, Random Forest (RF), XGBoost,
and LightGBM. Considering the imbalance between the positive
and negative datasets, we considered six ways to train the model
for each algorithm (Figure 1C): keep the raw ratio between the
positive and negative datasets, randomly oversample the posi-
tive samples, oversample the positive samples using SMOTE,
randomly undersample the negative samples, undersample the
training data using EasyEnsemble, or set the class weight to
tune the loss function. To better evaluate these prediction mod-
els when using imbalanced training data, we used the area un-
der the precision-recall curve (AUPRC) as the evaluation score
and compared these classification algorithms with fivefold cross-
validation (CV) (Figure 1C). In addition, we retained one-third of
the data as test data to compare multiple models and used two-
thirds of the data to train our model. The results of our compari-
son showed that tree models were generally better than the other
algorithms and that LightGBM with EasyEnsemble performed
the best among these algorithms (Figure S3A and Table S2,
Supporting Information). Therefore, we chose LightGBM with
EasyEnsemble as the final classification algorithm, and we tuned
some parameters to improve performance (Figure S3B, Sup-
porting Information). The model could achieve an area under
the receiver operating characteristic (AUROC) of 0.8616 and an
AUPRC of 0.5989 (Figure S3C,D, Supporting Information). We
then trained LightGBM with EasyEnsembl for CalncRNA pre-
diction and subsequently used this algorithm to assign every
IncRNA a CalncRNA score ranging from 0 to 1, with a larger
value indicating a higher chance of the corresponding IncRNA
being a CalncRNA. To set an appropriate threshold CalncRNA
score for the final predictions, we chose the F1 score as the evalu-
ation score and selected the threshold when the F1 score was max
(Figure S3E, Supporting Information). In this way, the model
could achieve an F1 score of 0.5495, a precision of 0.6449, a re-
call of 0.4823, and a specificity of 0.9526 (Figure S3F, Support-
ing Information). We thus obtained the final classifier model
POCALLI for predicting CalncRNAs. Here, we used the maximum
F1-score to choose the threshold, and focused on sensitivity and
precision to discover more new CalncRNAs, considering the tiny
number of known CalncRNAs. High sensitivity ensures that as
few true CalncRNAs are missed as possible to avoid missing
potential therapeutic targets. High precision means fewer false
positives in predicted CalncRNAs, reducing subsequent valida-
tion costs. For different purposes, we can also use other crite-
ria to select the threshold, for example, using Neyman-Pearson
classification®* to control the false-positive rate in clinical
validation.

2.2. Identifying the Important Features of CalncRNA Prediction

For an in-depth understanding of the feature contribution to Cal-
ncRNA prediction, we integrated SHapley Additive exPlanations
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(SHAP)* into POCALI to evaluate feature importance. SHAP
could assign each feature an importance value for a sample based
on Shapley values, enabling us to determine each feature’s con-
tribution to a particular prediction. We thus explored the relative
impact of all features in the entire dataset, and the features were
then sorted by the sum of their SHAP value magnitudes across
all samples (Figure 2A).

The first feature of importance was “secondary structure
MFE”, which has not been reported for predicting CalncRNAs in
previous research. Lower levels of minimum free energy (MFE)
indicate higher possibilities of CalncRNA presence (Figure 2A).
This feature is a marginally strong predictor of CalncRNAs, as it
tends to be significantly lower for CalncRNAs than for NeulncR-
NAs (Figure 2B). After excluding this feature, the AUROC and
AUPRC exhibited reductions of 0.0055 and 0.0137, respectively,
and were both ranked third among all features (Figure S4A,B
and Table S2, Supporting Information). A low MFE value for a
secondary structure is indicative of a stable IncRNA structure.!*!
Meanwhile, the secondary structure of RNA can affect the rates
of RNA degradation, and stable IncRNA structure may make
IncRNA degradation difficult and promote IncRNA function sta-
bly in cells.?631 Further, GC content can determine the stabil-
ity of RNA.[*l GC content is a simple proxy for the potential
of a RNA to fold into secondary structures, and a research ob-
served the positive relationship between GC content and sta-
bility, suggesting that IncRNAs with more structural elements
may be more stable.l®®] We found that CalncRNAs have higher
GC content than NeulncRNAs, no matter the gene or exon
(Figure S5A,B, Supporting Information), and this also applies to
the paired bases of secondary structures (Figure S5C, Support-
ing Information). To further validate this conjecture, we collected
RNA stability data from a recent study.[*!) We found that CalncR-
NAs have higher half-life times than NeulncRNAs, demonstrat-
ing that CalncRNAs are slightly more stable than NeulncRNAs
(Figure S5D, Supporting Information).

The second-ranked feature was “Gene expression logFC”.
High or low values of this feature were found to positively con-
tribute to CalncRNA prediction. It was surprising and notable
that even though we combined TSIncRNAs and OncolncRNAs
into the category of CalncRNAs for the predictions, SHAP anal-
ysis could still distinguish the contribution degree of this fea-
ture (Figure 2C). Some researchers have pointed out that alter-
ations in expression alone are not sufficient evidence.[?'*? How-
ever, our results showed that differential expression is one of the
strongest means to identify CalncRNAs. We then excluded the
feature “Gene expression logFC” and trained the model. Con-
sequently, AUROC and AUPRC exhibited reductions of 0.0258
and 0.0698, respectively, indicating there were other factors (in
addition to compiled epigenomic regulation, genomic mutation,
etc.) affecting IncRNA expression that needed to be discovered
(Figure S4A,B and Table S2, Supporting Information). A high
expression level of training CalncRNAs might infect the LogFC
of gene expression. To exclude the effect of expression levels on
the feature “Gene expression logFC”, we randomly chose the
same number of NeulncRNAs with mean expressions identical
to those of CalncRNAs in the tumor samples (Figure S6A, Sup-
porting Information). We found little difference in gene expres-
sion logFC between the CalncRNAs and random NeulncRNAs,
but higher or lower values of this feature could still distinguish
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OncolncRNAs and TSIncRNAs from NeulncRNAs (Figure
S6B,C, Supporting Information), similar to the results in
Figure 2C. Further, high tissue specificity — another expression-
related feature ranked at the top — could promote CalncRNA pre-
diction (Figure 2A,E).

The network features “Protein centrality” and “miRNA central-
ity” were both ranked at the top. Many researchers have studied
IncRNA function based on protein or miRNA interaction.[*]
The interaction between IncRNA and proteins and the mecha-
nism of ceRNA in tumors have been extensively studied.[*¢7]
In the present results, high values of “Protein centrality” and
“miRNA centrality”, which meant that the IncRNAs interacted
with more cancer-related proteins or miRNAs, indicated the can-
cer potency of IncRNAs (Figure 2A,D,F). These results imply that
CalncRNAs tend to act as hubs in regulatory networks.

We then summarized the six feature categories that were in the
top 10, 20, and 30 feature importance lists (Figure 2G). Among
the top 10 features, epigenomics, network, and mutation had the
same occupancy levels. However, among the top 20 and top 30
features, epigenomics had high occupancy, indicating the impor-
tance of epigenomics features in predicting CalncRNAs.

Features are often partially or fully redundant with each other,
which means that a model can use either feature and still get
the same accuracy.l’) To reduce the redundancy and reciprocal
influence among features, we used hierarchical clustering with
complete linkage to divide 44 features into 15 groups, with pair-
wise absolute Pearson correlations of at least 0.1 between the
features in each group (Figure S7A, Supporting Information).
We then assessed each feature group’s contribution by calculat-
ing the reduction in the fivefold CV AUPRC when the feature
group was excluded (Table S2, Supporting Information). Subse-
quently, we ranked the 15 feature groups based on their contribu-
tions and determined the top-ranked groups whose contributions
to fivefold CV AUPRC exceeded 0.015. This yielded five feature
groups for predicting CalncRNAs (Figure S8, Supporting Infor-
mation). We analyzed the top-ranked feature groups and found
that the features “Gene expression logFC” and “secondary struc-
ture MFE” were located in the first and second feature groups, re-
spectively, which was consistent with the findings of the previous
feature importance analysis (Figure S8A,B, Supporting Informa-
tion). Furthermore, epigenomic features, including histone mod-
ification, super enhancer, and replication time S50, were among
the top predictive features for CalncRNAs (Figure S8C,D,E, Sup-
porting Information). All these findings suggest that epigenomic
features play a significant role in CalncRNA prediction.

2.3. Exploring the Features’ Contributions to Each CalncRNA
Prediction

Next, we explored the features’ contributions to each CalncRNA
prediction in detail based on the literature to verify whether the

www.small-methods.com

important features found by POCALI for each CalncRNA are bi-
ologically meaningful. By focusing on widely studied CalncRNA
genes (Figure 3A), we found that “Gene expression logFC” plays
the most critical role in identifying some essential CalncRNAs.
However, several IncRNAs differ in their most vital features.
For example, POCALI identified the most important features of
XIST as “secondary structure MFE”, which was ranked first, and
“miRNA centrality” and “protein centrality”, which were ranked
second and third, respectively. XIST is a widely studied IncRNA
that controls X chromosome inactivation (XCI) by recruiting
multiple proteins, and a recent study showed that the modular
secondary structure of XIST interacts with distinct sets of effec-
tor proteins.[*! Many studies have also shown that XIST plays
a role in cancer development by interacting with miRNAs.[#95]
NORAD is a critical IncRNA in human cancers, and its positions
of SAM68-binding sites motif secondary structure were more sta-
ble than other positions.[>!l Meanwhile, POCALI identified “sec-
ondary structure MFE” as the most critical feature of NORAD.
For TERC, the most important feature was “protein centrality”,
followed by “cnv”. TERC functions as a template and scaffold for
the telomerase ribonucleoprotein and thus facilitates telomere
elongation. One of the most common genetic alterations found
in the TERC gene in various cancers is amplification, which in-
creases its copy number.l’?] The most vital feature of HULC was
“miRNA centrality”, and “H3K27me3” was also highly ranked.
Many studies have shown that HULC functions in cancer by
interacting with miRNA.5354] Research has also indicated that
broad H3K27me3 can identify oncogenes,® and HULC has been
identified as an oncogene.l'” In a previous study, CURD re-
duced H3K27me3 and caused highly upregulated HULC in liver
cells.[>]

According to the POCALI score rank, we also found one novel
CalncRNA in the top 10 IncRNAs. Among the top 10 IncRNAs,
known CalncRNAs have been studied in more than 10 docu-
ments in PubMed, while novel CalncRNA LINC02086 has only
been reported in six papers in recent years. Most of the six papers
support its role in the ceRNA mechanism, and “miRNA central-
ity” ranks fourth in SHAP analysis (Figure 3B). IncRNAfunc*’!
supports its role in differential expression in most cancer types
(Table S2, Supporting Information). “H3K27me3 peak width”
also ranks high in SHAP analysis (Figure 3B), and wider
H3K27me3 may indicate its role as an oncogene,!®! which cor-
responds to the results of the literature search and expression
analysis.

These results illustrate the ability of POCALI to explore the
contribution of features to each CalncRNA prediction in de-
tail. The complete feature contributions for each CalncRNA
are provided in Table S2 (Supporting Information). We also
built a panel app to explore the SHAP analysis results for each
POCALI-predicted CalncRNA (https://huggingface.co/spaces/
rzy99/POCALI_feature_analysis).

Figure 2. Features’ importance in predictions. A) This SHAP beeswarm plot summarizes the importance of features in predictions. Features are ranked
based on the sum of SHAP value magnitudes across all samples, and the SHAP values indicate the distribution of each feature’s impact on the model’s
output. The colors represent the feature value (red: high, blue: low). n.s, not significant; *, p < 0.05; **, p < 0.01; ™, p < 0.001. The box plot depicts the
distribution of B) secondary structure MFE, C) Gene expression LogFC, D) protein centrality, E) tissue specificity, F) miRNA centrality for the CalncRNAs
and NeulncRNAs, and for the OncolncRNAs, TSIncRNAs, and NeulncRNAs. The differences were calculated using a two-sided Wilcoxon rank-sum test.
G) The distribution of six feature categories (Epigenomics, Genomics, Transcriptomics, Phenotype, Network, and Mutation) in the top 10, top 20, and

top 30 features.
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Figure 3. Features’ contributions to the prediction of each CalncRNA. A) This heatmap plot shows the contribution score of individual features to

CalncRNA prediction for each well-studied IncRNA. The impact of each feature is represented by color. The deeper red color represents a higher positive

contribution to the prediction, and the deeper blue color indicates a higher negative contribution. The number represents the importance ranking of the
features corresponding to each CalncRNA. B) This bar plot shows the contribution score of individual features to CalncRNA prediction for LINC02086.
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2.4. Evaluation of the Prediction Accuracy of POCALI

POCALI was able to generate CalncRNA scores for Cal-
ncRNA predictions, as we previously described. Each IncRNA
was assigned a CalncRNA score, ranging from 0 to 1; the
higher the CalncRNA score, the higher the likelihood that a
certain IncRNA was a CalncRNA (Table S2, Supporting In-
formation). After applying the maximum F1 score criteria
to the CalncRNA scores, POCALI produced a total of 732
CalncRNAs with CalncRNA values greater than 0.8889. We
overlapped the POCALI-predicted CalncRNAs with CLC3 or
Lnc2Cancer, and found that they were both significantly enriched
(Figure 4A,B).

To evaluate whether the training dataset was sufficient for
predicting CalncRNAs, we generated 100 random positive Cal-
ncRNA sets of the same size as the training CalncRNA dataset,
built equivalent models with the same features, and re-evaluated
them using fivefold CV. We discovered that, regardless of AUPRC
or AUROC, the original model has significantly higher predictive
performance than the random ones (Figure 4C), indicating that
the original training dataset was sensitive, specific, and precise
in detecting CalncRNAs. We then assessed how POCALI’s per-
formance was impacted by the positive CalncRNA set’s sample
size. We randomly selected different numbers (50, 80, 100, 120,
150, and 180) of IncRNAs from the training CalncRNAs to create
the positive sets and trained the corresponding models. These
models were assessed using fivefold CV, and their AUPRC and
AUROC values were determined. After 10 iterations of the pro-
cess, we found that the AUROC scores slightly increased as the
sample size increased, but there was a huge increase in AUPRC
scores (Figure 4D). As line with previous research, the AUROC
scores suggested that the positive sample size had little influ-
ence on the performance.?l However, AUPRC was more appro-
priate for model evaluation with imbalanced training datasets,
and we obtained a different conclusion — that more positive
data can contribute to the sensitive and precise prediction of
POCALL

Next, we assessed the necessity of combining these six feature
categories to improve the performance of POCALI. We evaluated
the overall prediction of CalncRNA by POCALI and found that
it achieved a high fivefold CV AUROC of 0.8611 and AUPRC of
0.5905 (Figure 4E,F). Considering that prior algorithms mostly
relied on mutation features to predict cancer genes,®’! we in-
vestigated the accuracy gain of POCALI based on mutation fea-
tures as well as other types of features. As a result, we con-
structed variants of POCALI based on the following feature sub-
sets: “Epigenomics”, “Genomics”, “Transcriptomics”, “Pheno-
type”, “Network”, and “Mutation”. We calculated the fivefold CV

www.small-methods.com

AUROC and AUPRC for each of these POCALI variants. Fivefold
CV AUROC values of 0.7198, 0.6740, 0.8434, 0.5813, 0.7731, and
0.5658, respectively, and AUPRC values of 0.3445, 0.2534, 0.5116,
0.2106, 0.3947, 0.2046, respectively, were achieved with the afore-
mentioned feature subsets (Figure 4E,F). However, the contri-
butions of the mutation features didn’t stand out, and previous
methods based on mutation features have only detected a small
number of CalncRNAs, 1819231 suggesting that mutation features
are not effective in identifying CalncRNAs like cancer PCGs.
These results also indicated that Transcriptomics, Network, and
Epigenomic features largely contribute to CalncRNA prediction.
The fact that POCALI surpassed all of its variants confirms
that it effectively leveraged 44 features and that these features
had to be combined to enhance the model’s performance. Com-
bining all related features can capture feature interactions, re-
duce bias, handle non-linearity, and reflect CalncRNA prediction
complexity.

Finally, we examined the unique predictive power of the vari-
ous feature subsets in CalncRNA prediction. Upon inspecting the
distributions of CalncRNA scores, we found that POCALI was
unable to predict some top-ranked CLC3 & CADTAD IncRNAs
in the absence of distinct feature subsets (Figure 4G,H). More
specifically, if individual feature subsets had not been included,
POCALI would have overlooked 22 (7.72%) known CalncRNAs
(Table S2, Supporting Information). These findings imply that
each feature subset facilitated the discovery of CalncRNA.

2.5. Benchmarking POCALI Against Existing Methods

We compared POCALI to four other CalncRNA prediction meth-
ods based on test data and five metrics — sensitivity, specificity,
precision, accuracy, and F1 score (Table 1). POCALI outper-
formed other models in terms of sensitivity, F1 score, and accu-
racy. The superiority of POCALI was most obvious in sensitivity,
where its top performance (0.494) was followed by a large gap
with CEM (0.157), Zhao’s (0.067), CRIncRC2 (0.034), and ExInA-
tor2 (0.011). The precision score of POCALI was in the middle of
the overall range. However, our model was ranked last in terms
of specificity. Considering the prediction number, the lower the
predicted positive number was, the higher the specificity score
obtained. Based on the ranked CalncRNA scores, we selected
the same prediction number for the POCALI-predicted CalncR-
NAs as that used for other prediction methods. To our surprise,
POCALI outperformed four other models in all five evaluation
metrics.

Since the test data only contained a tiny percentage of
IncRNAs, we further confirmed that POCALI performed

Figure 4. Evaluation of the POCALI training data and features. Venn diagrams showing the overlap between POCALI-predicted CalncRNAs and IncRNAs
in A) CLC3 and B) Lnc2Cancer. The P-value was determined by performing a one-sided Fisher’s exact test. C) This density plot indicates the distribution of
AUROC (left) and AUPRC (right) scores upon training the model with 100 random positive CalncRNA sets. The dashed line indicates the training scores
obtained with raw positive CalncRNAs. The P-values were calculated through a permutation test. D) Line chart showing AUPRC (blue) and AUROC
(orange) scores under different sample sizes of positive datasets (10 iterations). E) Receiver operating characteristic curves (ROCs) for CalncRNA
prediction. The different lines represent different ROCs from the POCALI model or POCALI variants. F) Precision-recall curves (PRCs) for CalncRNA
prediction. The different lines represent different PRCs from the POCALI model or POCALI variants. G) Cumulative distribution of POCALI-predicted
CalncRNA scores for CLC3 & CADTAD IncRNAs. The dashed line indicates the threshold at the max F1 score, and the CLC3 & CADTAD IncRNAs whose
scores exceed the threshold are the predicted CalncRNAs. The x-axis “Rank” indicates the rank of CLC3 & CADTAD IncRNAs according to the predicted
CalncRNA scores. H) Upset plot that shows the number of unpredicted CLC3 & CADTAD IncRNAs without specific omic features.
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Table 1. Evaluation of CalncRNA prediction based on the test data.
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Model number Sensitivity Specificity Precision Accuracy F1 score Algorithmn
POCALI 732 0.494 0.935 0.550 0.874 0.521 EasyEsemble + LightGBM

43 0.022 1.000 1.000 0.865 0.044

97 0.045 1.000 1.000 0.868 0.086

282 0.157 0.984 0.609 0.869 0.250

355 0.202 0.977 0.581 0.869 0.300
ExInAtor2 43 0.011 1.000 1.000 0.863 0.022 Mutatioinal burden +

Functional impact

CRIncRC2 97 0.034 1.000 1.000 0.866 0.065 XGBoost
Zhao's 282 0.067 0.951 0.182 0.829 0.098 Nalive Bayesian
CEM 355 0.157 0.958 0.378 0.848 0.222 Gene network

better than the aforementioned four methods by doing a
similar comparison based on Lnc2Cancer IncRNAs,[') which
have been widely used to benchmark CalncRNA prediction.
Similar to the results of the test data evaluation, POCALI
achieved the best performance in sensitivity, precision, and
F1 score. Under the same prediction number condition, the
performance of POCALI was the best for all five metrics
(Table 2).

Although POCALI, which uses the maximum F1 score to se-
lect the threshold, has lower specificity than other methods in
both datasets, its specificity score is still high, and more than
0.93. If we control the false-positive rate of 5% to achieve high
specificity (> 95%) using Neyman-Pearson method, the model fi-
nally predicted a total of 475 cancer IncRNAs and outperformed
other models in terms of sensitivity, accuracy, and F1-score based
on test data and sensitivity, precision, and Fl-score based on
Lnc2Cancer data (Table 3). The advantages of sensitivity and pre-
diction number remain prominent, and the specificity scores are
more than 0.95. So we can also use other criteria to select the
threshold for different purposes.

Together, our benchmark results indicate that POCALI sig-
nificantly improves CalncRNA prediction compared to previous
methods.

Table 2. Evaluation of CalncRNA prediction based on the Lnc2Cancer dataset.

2.6. Characterization of POCALI-Predicted Novel CalncRNAs
Based on Functional Data

We filtered out the CLC3 & CADTAD IncRNAs (known CalncR-
NAs) from the POCALI-predicted CalncRNAs and defined the re-
maining 492 predicted CalncRNAs as POCALI-predicted novel
CalncRNAs (Figure S9A, Supporting Information). We subse-
quently characterized these novel CalncRNAs.

First, we performed a Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway analysis of the co-expressed PCGs
of the novel CalncRNAs. The findings showed that these IncR-
NAs were more enriched in immune-related pathways, includ-
ing the T cell receptor signaling pathway, Natural killer cell-
mediated cytotoxicity, Th1/2/17 cell differentiation, and PD-L1
expression and PD-1 checkpoint pathway in cancer (Figure 5A).
The known CalncRNAs were also enriched in these immune-
related pathways, especially the PD-L1 expression and PD-1
checkpoint pathway in cancer (Figure S9B, Supporting Informa-
tion). However, the NeulncRNAs were not enriched in these path-
ways (Figure S9C, Supporting Information).

We also found that the novel CalncRNAs were enriched in can-
cer hallmarks, such as apoptosis, cell growth, and metastasis.
The known CalncRNAs were enriched in all cancer hallmarks,

Model number Sensitivity Specificity Precision Accuracy F1 score Algorithmn
POCALI 732 0.640 0.949 0.275 0.940 0.384 EasyEsemble +
LightGBM
43 0.096 0.999 0.698 0.972 0.168
97 0.188 0.996 0.608 0.973 0.287
282 0.424 0.986 0.472 0.969 0.446
355 0.497 0.981 0.439 0.967 0.466
ExInAtor2 43 0.016 0.996 0.116 0.968 0.028 Mutatioinal
burden +
Functional
impact
CRIncRC2 97 0.041 0.992 0.134 0.964 0.063 XGBoost
Zhao's 282 0.083 0.975 0.092 0.949 0.087 Naiive Bayesian
CEM 355 0.124 0.970 0.110 0.945 0.117 Gene network
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Table 3. The evaluation of POCALI based on the Neyman-Pearson method
by controlling the false-positive rate of 5%.

Sensitivity Specificity Precision Accuracy F1 score
Test data 0.292 0.968 0.591 0.874 0.391
Lnc2Cancer 0.573 0.972 0.379 0.960 0.456

whereas the NeulncRNAs were not enriched in any (Figure 5B).
Considering the pathway analysis results, we extracted cancer
immune-related IncRNAs from TCGA and found that compared
to the NeulncRNAs, the novel CalncRNAs were significantly en-
riched in some cancer types, consistent with the known CalncR-
NAs (Figure 5C). We also collected survival data from the TAN-
RIC database and found that the known CalncRNAs and novel
CalncRNAs were similarly enriched in some cancer types, but
the NeulncRNAs were not enriched in any (Figure 5D). Finally,
we collected the cancer phenotypes for some cancer types and
found that the novel CalncRNAs and known CalncRNAs had
some enriched cancer phenotypes in most cancer types, whereas
the NeulncRNAs had none (Figure 5E). These results indicate
a strong relationship between the POCALI-predicted novel Cal-
ncRNAs and cancer phenotypes.

Next, we used experimentally validated functions for IncR-
NAs collected from LncTarD2.0,/°°l and found that the novel Cal-
ncRNAs were enriched in cancer-related experimental pheno-
types, such as promoting cell proliferation, migration, and inva-
sion, and suppressing apoptosis process (Figure 6A). The known
CalncRNAs were also significantly enriched in these functions
(Figure S9D, Supporting Information), but NeulncRNAs were
not enriched in any experimentally validated functions.

We used a published Transposase Accessible Chromatin with
high-throughput sequencing (ATAC-seq) dataset of TCGA pan-
cancer samples to characterize the POCALI-predicted novel Cal-
ncRNAs. ATAC-seq exposes gene accessibility and provides vital
insights into complex gene regulatory connections. Based on the
ATAC-seq dataset, we discovered that similar to the known Cal-
ncRNAs, the POCALI-predicted novel CalncRNAs were consid-
erably more accessible than the NeulncRNAs (Figure 6B). This
finding highlighted a relationship between chromatin accessibil-
ity and CalncRNAs, demonstrating the wide accessibility of Cal-
ncRNAs in cancer samples.

We further investigated the potential link between CalncRNAs
and epigenetic regulators (ERs) that play critical roles in genome-
wide gene regulation by reading or modifying chromatin states.
We examined a curated list of 124 ERs (IncRNAs) and discovered
that a few known CalncRNAs and novel CalncRNAs were ERs,
but only one NeulncRNA was an ER (Figure 6C). This suggests
that some CalncRNAs might function as ERs.

Following this, we evaluated the POCALI-predicted novel
CalncRNAs using Transposon Insertion Mutagenesis (TIM)
data. This method allows for uncovering “common insertion
sites” (CIS), where a tumor is caused by several transposon
insertions at a specific genomic position, thereby identifying
the underlying gene as an oncogene or tumor suppressor.>’]
This TIM data identified 123 IncRNAs as potential cancer
genes. As expected, we found that the known CalncRNAs
and the POCALI-predicted novel CalncRNAs were enriched in

Small Methods 2025, 9, 2401987

www.small-methods.com

the list. In contrast, none of the NeulncRNAs were enriched
(Figure 6D).

The Gene Importance Calculator (GIC) can be used to evalu-
ate the essentiality scores of PCGs and IncRNAs in organisms.
Essential genes generally tend to have key features and func-
tions, such as high conservation across species, slow evolution,
and high degree in molecular interaction networks.!?*! We used
the GIC to validate the degree of importance of the predicted
CalncRNAs and found that the known CalncRNAs and POCALI-
predicted novel CalncRNAs had higher gene importance scores
than the NeulncRNAs (Figure 6E), indicating that the POCALI-
predicted novel CalncRNAs are relatively important IncRNAs in
organisms.

We also investigated the relationship between various drugs
and IncRNAs. We collected drug-related data from LncSEA and
found that the POCALI-predicted novel CalncRNAs were sig-
nificantly enriched in 19 drugs, the majority of which are used
to treat tumors (Figure 6F). The known CalncRNAs were con-
siderably enriched in 132 drugs, in addition to the aforemen-
tioned 19 pharmaceuticals (Figure 6F). However, no drug was
enriched with NeulncRNAs. These results demonstrated that the
POCALI-predicted CalncRNAs may be beneficial to the develop-
ment of anticancer medications.

Additionally, we collected some experimental data from re-
search using ASO,!'*>8] CRISPR-Cas9,/>”) CRISPR-Cas13,/°l and
CasRx®!] to confirm the growth phenotype effect of novel Cal-
ncRNAs. We separately found 3, 8, 2, 34, and 6 novel CalncRNAs
were hit in these studies (Figure 6G). These results further con-
firm the cancer potential of predicted novel CalncRNAs.

3. Discussion

In this study, we integrated multi-omics features to develop a
machine-learning method, POCALI, that could identify CalncR-
NAs. We conducted a systematic evaluation of the feature con-
tributions and found that secondary structure, expression, and
epigenomic features could enhance the discovery of CalncR-
NAs. An extensive evaluation using test data and Lnc2Cancer
demonstrated that POCALI has clear advantages over other
methods, especially in terms of sensitivity and the number of
potential identified CalncRNAs. By applying cancer phenotype
and genomic data, we found that the POCALI-identified novel
CalncRNAs have similar relationships with cancer as known
CalncRNAs.

A major contribution of POCALI is its ability to comprehen-
sively integrate multiple mechanisms and features to identify
potential CalncRNAs. It could also evaluate the contribution of
each feature or omics to the predictions, both at the global level
and at the individual IncRNA level. Compared to other meth-
ods, POCALI identified the most candidates and had the best
sensitivity under similar specificity levels. Further, the predic-
tion number could be adjusted according to different criteria,
for example, using the Neyman-Pearson method to avoid false
positives and achieve high specificity. Gene expression features
largely contributed to POCALI’s predictions, which means that
mechanisms other than epigenomics and mutation contribute
to the differential expression between normal and cancer sam-
ples. Notably, secondary structure MFE was a newly discovered
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feature for identifying candidate CalncRNAs, and it could high-
light specific functions of CalncRNAs that require further explo-
ration. Epigenomic features also moderately contributed to the
predictions. However, we didn’t distinguish TSIncRNAs and On-
colncRNAs due to the limited difference between them. In the
future, we may study and understand the difference between
them.

Cancer driver genes are often identified by distinguishing
them from passenger genes with random mutations. Some
methods also use mutation features to identify cancer driver
IncRNAs.[181923] However, these methods tend to lose sensitivity
and can only identify small numbers of cancer driver IncRNAs.
Other methods involve the use of regulatory relationships to iden-
tify cancer IncRNAs.[%263] To fully understand the contributions
of the own features and regulation relationships to CalncRNA
prediction, we combined these features to predict potential Cal-
ncRNAs and evaluated their overall contribution to prediction
and single contribution to each potential CalncRNA. However,
there is room for improvement. First, POCALI could only pre-
dict the potential of intergenic IncRNA to be CalncRNAs. There
are other IncRNAs that overlap with PCGs, which we removed
here to avoid the potential influence of PCGs on CalncRNA pre-
diction. In the future, it should be appropriate to exclude the in-
fluence of PCGs on overlapped IncRNAs, such as mutations!'®!
and epigenomics. Second, other features may contribute to Cal-
ncRNA prediction. We found that differential expression is one
of the best ways to identify CalncRNAs and that mutation fea-
tures are not sufficient. More features related to CalncRNAs can
be discovered with greater quantities of relevant high-throughput
data.

In summary, CalncRNA prediction was improved in this study,
and the multi-omics data were integrated to identify the fea-
tures that contribute the most to CalncRNA prediction. We ex-
pect POCALI to be a valuable resource to predict and understand
cancer IncRNAs for cancer biology.

4. Experimental Section

IncRNA Annotation: IncRNA reference was downloaded from GEN-
CODE release 43 (GRCh37).[32] It comprised a total of 10 746 intergenic
IncRNA genes that did not overlap with protein-coding gene (PCG) regions
(the IncRNAs hereafter mentioned were all intergenic IncRNA genes). A
promoter was defined as a region of 1000 bp upstream of transcript start
sites (TSSs) for each IncRNA transcript. All the promoters for each IncRNA
gene were merged to define the final promoter. Gene body was defined as
the region that remained after excluding the promoters for each IncRNA
gene. Exon regions were defined as the regions containing merged exons
for a specific IncRNA gene.

Cancer IncRNAs (CalncRNAs) were obtained from CLC3[™! and
CADTADI"I (Table S1, Supporting Information). To guarantee the quality
of positive datasets, CalncRNAs were selected after reviewing the literature
and revised the information to ensure the oncogenic or tumor suppressive
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function of the CalncRNAs in CLC3. The filtered IncRNA reference gave
rise to 205 oncogenic IncRNAs (OncolncRNAs) and 71 tumor suppres-
sive IncRNAs (TSIncRNAs); 31 dual IncRNAs were excluded. The 9087
neutral IncRNAs were obtained after removing all cancer-related IncRNA
datasets (CLC3,["™! LncRNADisease,[®*] Lnc2Cancer,['®] EVLncRNAs, (6]
CRINcRNA,[%] RNADisease, 7] LncRNAWiki,[®8] LncTarD,[3¢] LncSEA, 6]
ncR2Met,[7% dbEssLnc,[’"l and CTRR-ncRNAI72]) and potential cancer-
related IncRNAs (CADTAD,['] ExInAtor,['®19] CRIncRC,[2122] and
CRISPRil™]) (Figure S1B, Supporting Information). For the function
evaluation of IncRNA in cancer, only IncRNAs whose gene names
did not contain “ENSG” in the GENCODE gtf file were retained.
This process resulted in 193 oncogenic IncRNAs, 65 tumor suppres-
sive IncRNAs, 27 dual IncRNAs, and 1661 neutral IncRNAs, which
were subsequently used for model training (Figure S1C, Supporting
Information).

Cancer IncRNAs were defined as those whose altered properties (ge-
nomic, epigenomic, etc) could result in altered cancer phenotypes, i.e.,
changes in the properties of the IncRNA gene itself were sufficient for
cancer development. Most studies of IncRNAs with a role in cancer were
named cancer-related IncRNAs based on “association”, such as evidence
of alterations in expression alone.['42] The definition of cancer-related
IncRNA often ignores the properties of “driver” that was, changes in the
features of cancer-related IncRNAs themselves do not necessarily cause
cancer-related phenotypes but may only be incidental to tumorigenesis.
Cancer driver IncRNAs were defined using traditional mutation-level fea-
tures such as OncodriveFML and ExInAtor.[1819.23]

Datasets Used in This Study—Epigenomic Datasets: According to the
data collection description of DORGE,°! all histone modification peak
BED files (hg19) were downloaded from the ENCODE project. The super
enhancer annotations for individual cell/tissue types (hg19) were down-
loaded from the dbSUPER database.[”?] Methylation data were down-
loaded from COSMICI7#] to calculate the difference between cancer and
normal methylation for promoter and gene body regions. Replication time
data were downloaded from the ENCODE project.

Datasets Used in This Study—Genomic Datasets: IncRNA gene and
exon location were obtained from GENCODE release 43 (GRCh37).132l
Gene sequence, phyloP100way/phastCons100way sequence conserva-
tion, and repeat element information were obtained from UCSCI’
(http://genome.ucsc.edu). Cancer Driver Topologically associated domain
(CDT) information was collected from the recent research.['7]

Datasets Used in This Study—Transcriptomics Datasets: The gene ex-
pression FPKM data for 33 cancer types were obtained from TCGA, which
included 10 363 cancer samples and 730 normal samples (https://www.
cancer.gov/tcga). IncRNA transcript FASTA files were obtained from GEN-
CODE release 43 (GRCh37).32]

Datasets Used in This Study—Phenotype Datasets: Data regarding the
experiment impact on cell growth, including quantitative growth pheno-
types and screen scores, were obtained from a CRISPRi-based screen
research.l'3] Small proteins curated from ribosome profiling data were ob-
tained from SmProt v2.0.76]

Datasets Used in This Study—Network Datasets: Important genes were
defined containing cancer genes from the CGC database v.94, the top
500 oncogenes and tumor suppressor genes from TUSON,[3! and genes
in PATHWAY IN CANCER from KEGG.[”] Further, miR NA family data
were downloaded from TargetScan,!78] and cancer-related miRNAs were
obtained from HMDDv3.0.[7°l RBP-IncRNA interaction data were down-
loaded from ENCORI3 (https://rna.sysu.edu.cn/encori/api/RBPTarget/
Passembly=hg19&geneType=IncRNA&RBP=all&clipExpNum=1&pancan
cerNum=1&target=all&cellType=all).

Figure 5. Characterization and evaluation of POCALI-predicted novel CalncRNAs using cancer-related functional phenotype datasets. A) Bar plot show-
ing the KEGG pathway enrichment analysis of novel CalncRNAs. B) Dot plot showing the cancer hallmark enrichment of NeulncRNAs, known CalncRNAs,
and novel CalncRNAs. sig: significant (p < 0.05); not sig: not significant. C) Dot plot showing the cancer immunology function enrichment of NeulncR-
NAs, known CalncRNAs, and novel CalncRNAs in specific cancer types. sig: significant (p < 0.05); not sig: not significant. D) Dot plot showing the
survival-related function enrichment of NeulncRNAs, known CalncRNAs, and novel CalncRNAs in specific cancer types. sig: significant (p < 0.05); not
sig: not significant. E) Bar plot showing the enrichment proportions of cancer phenotypes of NeulncRNAs, known CalncRNAs, and novel CalncRNAs in

different cancer types.
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Datasets Used in This Study—Mutation Datasets: Data on simple
somatic mutation (SNVs and indels) and the copy number data for
PCAWG!®! were downloaded from UCSC Xena.[8?]

Calculation of Candidate Features—Epigenomic Features: As epige-
nomic features could contribute to discovering cancer PCGs,[%8°] it was
wondered whether epigenomic features could also play a role in predict-
ing CalncRNAs. The average peak width of 11 types of histone modifica-
tions (H3K4me3, H3K4me2, H3K4mel, H3K27ac, H3K36me3, H3K9ac,
H3K27me3, H3K9me2, H3K9me3, H3K79me2, and H4K20me1) was cal-
culated in all samples. The peak width of a IncRNA gene was defined
as the sum length of overlapped peaks in each sample (Feature 1-117).
IncRNAs with super enhancer annotations were considered as those
whose upstream 50 kb region had super enhancers in each cell/tissue
type. There were 99 types of cells/tissues for the super enhancer an-
notations in dbSUPER, and the super enhancer percentage was a fea-
ture calculated based on the percentage of cell/tissue types in which
the IncRNAs had super enhancer annotations (Feature 12). All differen-
tial methylation sites were extracted from raw files and converted them
to hg19 bed files via LiftOver, which was downloaded from the UCSC
Genome Browser website (https://hgdownload.soe.ucsc.edu/downloads.
html#utilities_downloads). The IncRNA locations of promoters and gene
bodies were overlapped with converted methylation data using pybed-
tools (v. 0.9.0),[33] and differential median Beta values between cancer and
normal samples were used as hypermethylation feature in cancer for the
promoter and gene body regions (Feature 13—14). Bowtie2 (v. 2.5.1)[3]
was used to map Repli-seq data with the default parameters, samtools (v.
1.18)[85] to convert the data to bam files, and featureCounts (v. 2.0.4)[86]
to count the reads per gene. The S50 score feature was calculated accord-
ing to DORGEI®! (Feature 15). The IncRNA genes with no histone modi-
fication, super-enhancer, or methylation annotation were labeled with the
value 0.

Calculation of Candidate Features—Genomic Features: For gene length,
the log2-transformed length of a IncRNA gene (Feature 16) was calculated.
To evaluate IncRNA sequence conservation, the region mean 0 conserva-
tion scores (phyloP100way, phastCons100way) was evaluated using the
bigWigAverageOverBed function (https://genome.ucsc.edu/goldenPath/
help/bigWig.html) for both gene and exon regions (Feature 17-20). The
GC content was also calculated for the gene and exon regions using the
nucleotide_content function in pybedtools (v. 0.9.0)[83] (Feature 21-22).
IncRNA gene locations were overlapped with repeat element (SINE, LINE,
LTR, and satellite) locations using pybedtools (v. 0.9.0)[8%] to count the
contained repeat element numbers per kb (Feature 23-26). CDT was an
important feature for identifying cancer driver IncRNAs.['71 CDTs of blood
cancer and solid tumors were separately obtained and observed whether
IncRNAs were located in the CDTs. The value of 1 indicated that the
IncRNA was located in CDT, while 0 indicated that it was not (Feature 27).
As k-mer similarity can indicate the similar functions of IncRNA,[24] The
k-mer length k=6 was considered for the analysis as an important fea-
ture for distinguishing CalncRNAs. Based on the transcript sequences of
the IncRNAs, the k-mer number per transcript was counted, normalized
the number by transcript length, and then calculated the mean values per
gene. Finally, PC1 was extracted to represent IncRNA k-mer information
(Feature 28).

Calculation of Candidate Features—Transcriptomics Features: The logFC
value for IncRNA gene expression was obtained based on the mean expres-
sion values of 10 363 tumor samples and 730 normal samples from TCGA
(Feature 29). To determine the tissue specificity of each IncRNA, the mean
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expression was calculated by tissue, followed by the = score for 33 cancer
types (Feature 30). 7 score was calculated as follows:

_ Ny exp;
n=Xin XPrmax )
T= —
n—1

Here, n indicates the sample number, exp; indicates the expression
value for the ith cancer type, and exp,,,,, indicates the max expression value
for all cancer types; IncRNAs that didn’t have expression values were an-
notated as 0.

Each IncRNA transcript secondary structure was calculated using the
LncDC pipelinel®’] and obtained the mean MFE, paired proportion, and
paired GC proportion for each IncRNA gene via RNAfold[38] (Feature 31—
33). The three nucleotides and paired/loop information normalized by
IncRNA length were combined and averaged the values for each IncRNA
gene to obtain a 512-dimensional matrix.[6] PC1 was extracted to repre-
sent the IncRNA secondary structure information (Feature 34).

Calculation of Candidate Features—Phenotype Features: According to
the transcript ID, the gene IDs were mapped in CRISPRi data to the
Ensembl IDs and extracted the mean growth phenotypes and screen
scores of an average of two replicates for each cell type. The IncRNAs
that didn’t have corresponding values were represented with the value
0. Finally, the max screen score was chose as the IncRNA CRISPRi phe-
notype feature across seven cell lines (Feature 35). The IncRNA genes
were completely overlapped with small protein locations using pybed-
tools (v. 0.9.0),!83] and thus obtained the number of small proteins for
each IncRNA gene; these values were then normalized by gene length
(Feature 36). The coverage of regions that could code small proteins for
each IncRNA gene (Feature 37) was also determined. These aforemen-
tioned two features related to the small proteins of IncRNAs were anno-
tated as 0 when a IncRNA did not overlap with a small protein location
completely.

Calculation of Candidate Features—Network Features: A cancer-related
mRNA-IncRNA network was constructed, as previously described.l'’]
Specifically, a soft threshold was chosen based on the scale-free topol-
ogy criterion and then summed the values of one IncRNA with important
genes to define the IncRNA’s degree of mRNA interaction (Feature 38). In
the cancer-related miRNA-IncRNA network, the interacted miRNA for each
IncRNA transcript were predicted using TargetScan!’8] and then calculated
the total number of unique interacted cancer-related miRNAs per IncRNA
gene to define the IncRNA degree of miRNA interactions (Feature 39). The
protein degrees for each IncRNA in the cancer-related protein-IncRNA net-
work were calculated by counting the IncRNA-interacted important protein
binding cluster numbers using ENCORI data.[®] (Feature 40). Any IncR-
NAs that did not interact with mRNA, miRNA, or proteins were annotated
as 0.

Calculation of Candidate Features—Mutation Features: From PCAWG,
SNVs were extracted, in which only single nucleotide somatic mutations
and indels of length 1 were retained to calculate the exon mutation odds
ratio using ExInAtor.I'8] (Feature 41); IncRNAs that did not have these val-
ues were annotated as 0. The SNP information from PCAWG was also used
to calculate the average functional impact scores (RNAsnp and CADD) ac-
cording to the OncodriveFML method!?3] (Feature 42-43). The CNV fea-
ture was calculated according to the TCGA method; copy number was
the weighted (on length of overlapped regions) median of copy number
values from all overlapped segments. The copy number per sample was

Figure 6. Characterization and evaluation of POCALI-predicted novel CalncRNAs using functional genomics datasets. A) Bar plot to show the experi-
mental validated function enrichment of novel CalncRNAs. B) Box plot showing the ATAC-seq peak scores for NeulncRNAs, known CalncRNAs, and novel
CalncRNAs. The differences were calculated using the two-sided Wilcoxon rank-sum test. C) Bar plot depicting the EpiFactor proportion of NeulncRNAs,
known CalncRNAs, and novel CalncRNAs separately. D) Bar plot showing the TIM-related enrichment of NeulncRNAs, known CalncRNAs, and novel
CalncRNAs. The P-value was determined using the one-sided Fisher’s exact test. E) Box plot showing the GIC scores of NeulncRNAs, known CalncR-
NAs, and novel CalncRNAs. The differences were calculated via the two-sided Wilcoxon rank-sum test. F) Radar chart to show the drug enrichment of
NeulncRNAs, known CalncRNAs, and novel CalncRNAs. G) Heatmap to show whether novel CalncRNAs are validated by experimental data. The red box
represents that the novel CalncRNA is validated by the corresponding experimental data (hit). The gray box represents that the novel CalncRNA has no

experimental data validation (no hit).
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calculated for each IncRNA and used the mean copy number as the final
CNV feature (Feature 44).

Calculation of Candidate Features— Training of the Model POCALI:  The
model was trained using the scikit-learn (v. 1.3.0), imbalanced-learn (v.
0.11.0), py-xgboost (v. 1.7.4), and lightgbm (v. 4.0.0) packages. To test the
final model and compare the results with other models, one-third of the
data was retained as test data and used two-thirds of the data to train the
model. AUPRC was chosen as the evaluation score and performed five-
fold cross-validation to select the best model. The candidate models in-
cluded Naive Bayes, KNN, logistic regression, logistic regression with |1
penalty, logistic regression with 12 penalty, logistic regression with elas-
tic net, SVM with RBF kernel, SVM with linear kernel, Random Forest,
XGBoost, and LightGBM. Since the training data were imbalanced, the
raw ratio was retained, and oversampled, undersampled, or applied the
EasyEnsemble algorithm to the training data. A class weight was also set
to tune the model loss function. Finally, through fivefold cross-validation,
LightGBM combined with EasyEnsemble was chosen for the final POCALI
model. The EasyEnsemble approach creates multiple balanced subsets by
repeatedly combining the minority class (positives) with the same num-
ber of majority class (negatives) sampled randomly. It then trains separate
classifiers on each subset, and aggregating all results to mitigate informa-
tion loss about the negative dataset. In the model POCALI, the union of
training subsets contained all negative training data. The parameters were
also tuned using optuna (v. 3.5.0) (num_leaves = 45, max_depth = 10,
n_estimators = 116). To choose an appropriate threshold, the F1 score
was calculated and the threshold that had the max F1 score was chosen.
The codes for training POCALI and obtaining predicted CalncRNAs were
available at https://github.com/starrzy/POCALI.

Calculation of Candidate Features—Feature Contribution Analysis: To
understand which feature contributed to the prediction the most, the im-
portance of each feature was calculated using the Explainer function in
the shap (v. 0.42.1) package. This allowed the determination of the con-
tribution of a single feature to CalncRNA prediction for each IncRNA. The
explainer were trained by randomly selecting 100 IncRNAs in the training
dataset with a fixed seed. The importance of all features for both the train-
ing dataset and predicted CalncRNAs was evaluated (Table S2, Supporting
Information). All features were ranked according to the sum of their SHAP
value magnitudes across the training dataset.

The feature importance was also assessed by creating POCALI vari-
ants that excluded a single feature to observe the reduction score
(AUPRC/AUROQ). Further, to eliminate redundancy among the features,
hierarchical clustering was used with complete linkage to divide 44 fea-
tures into 15 groups, with pairwise absolute Pearson correlations of at
least 0.1 between the features in each group. Each feature group’s contri-
bution was assessed by calculating the reduction in the fivefold CV AUPRC
when the feature group was excluded.

For the “Secondary structure MFE” feature analysis, data from a recent
publication were obtained!*' and calculated the half-life time according to
a description in a publication.[®] For the “Gene expression logFC” feature
analysis, NeulncRNAs was randomly selected with the same number and
identical expression as CalncRNAs.

Calculation of Candidate Features—Training Data and Feature Evalu-
ation: The 100 random positive CalncRNA sets were generated from
IncRNAs, excluding NeulncRNAs, and the number of the random Cal-
ncRNAs was the same as that of the training CalncRNA dataset. The
model was evaluated using fivefold CV with the same hyperparameters
and features as POCALI to obtain the mean AUPRC and AUROC scores.
For different sample sizes of positive CalncRNA, 50, 80, 100, 120, 150,
and 180 CalncRNAs were randomly selected 10 times and assessed the
model using fivefold CV to get the AUPRC and AUROC values in each
iteration.

For feature evaluation, POCALI variants were constructed based only on
single-category features (Epigenomics, Genomics, Transcriptomics, Phe-
notype, Network, and Mutation) and predicted the validation data for each
CV by fitting the training part. The AUROC and AUPRC values were calcu-
lated using prediction scores and true labels. The POCALI variants were
evaluated based on features without a single category, and found that the
model did not predict some training CalncRNAs.
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Calculation of Candidate Features—Model Comparison: The mod-
els that could identify CalncRNAs in pan-cancer samples were only
considered. Therefore, the model with ExInAtor2,[1®1 CRIncRC2,[22]
Zhao's,[2°) and CEMI®®] using test data and the Lnc2Cancer dataset were
compared.['®] Based on the predicted positive results, the test data were
categorized into four groups: 1) True Positive (TP), representing the in-
tersection of positive instances in the test data and the predicted positive
results; 2) False Negative (FN), denoting positive instances in the test data
that were not identified as positive; 3) False Positive (FP), referring to the
overlap of negative instances in the test data and the predicted positive re-
sults; and 4) True Negative (TN), comprising negative instances in the test
data that were not predicted as positive. It was the same for Lnc2Cancer
dataset. The models were evaluated based on their sensitivity, specificity,
precision, accuracy, and F1 scores.

TP

itivity = ———— 2
sensitivity = =50y @)
gy TN
ty = ——— 3
specifiity = 0 Fp @
y P
=— 4
precision = w0 4
TP+ TN
aceuracy = ——————-——- ©)
TP+FN+FP+TN
2 x precision * sensitivity
F1= (6)

precision + sensitivity

TP: True Positive; FN: False Negative; TN: True Negative; FP: False
Positive

Calculation of Candidate Features—Functional Datasets used for Evaluat-
ing POCALI-Predicted Novel CalncRNAs: A pathway enrichment analysis
of IncRNAs was performed by relating them to highly correlated PCGs
with Spearman correlation values of more than 0.7 in tumor samples
from TCGA. The gene lists and datasets to evaluate the POCALI-predicted
novel CalncRNAs were used are as follows: a) CLC3,["] which included all
CalncRNAs obtained from literature research and functional experiment,
and Lnc2Cancerl 6] gene lists; b) Cancer Hallmark, Cancer Immunology,
Cancer phenotype, Experimentally validated function, and Drug enrich-
ment datasets from LncSEA;[®°] ¢) pan-cancer ATAC-seq normalized peak
scores were from recent research,[°'] and these scores of overlapped peaks
were added up for each IncRNA gene to indicate its normalized peak
score regarding ATAC-seq; d) the ER IncRNAs were from the EpiFactors
database;[®?] e) the TIM IncRNAs were from CLC2;37] f) survival data were
obtained from the TANRIC database;[*] g) gene importance scores were
calculated using the GIC.[?°]

Calculation of Candidate Features—Gene Set Enrichment Analysis:
Gene set enrichment analysis of novel CalncRNAs, known CalncRNAs, and
NeulncRNAs was performed using GSEApy (v. 1.0.5).[%4]

Calculation of Candidate Features—Statistical Analysis: A two-sided
Wilcoxon rank-sum test was performed to compare the numeric values
of different IncRNA types. Gene enrichment analyses were performed via
one-sided Fisher’s exact tests using the scipy (v. 1.11.2) package in Python.
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