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Abstract 

Background:  Current experimental data on RNA interactions remain limited, par-
ticularly for non-coding RNAs, many of which have only recently been discovered 
and operate within complex regulatory networks. Researchers often rely on in-silico 
interaction detection algorithms, such as TargetScan, which are based on biochemi-
cal sequence alignment. However, these algorithms have limited performance. 
RNA-seq expression data can provide valuable insights into regulatory networks, 
especially for understudied interactions such as circRNA-miRNA-mRNA. By integrating 
RNA-seq data with prior interaction networks obtained experimentally or through in-
silico predictions, researchers can discover novel interactions, validate existing ones, 
and improve interaction prediction accuracy.

Results:  This paper introduces Pi-GMIFS, an extension of the generalized monotone 
incremental forward stagewise (GMIFS) regression algorithm that incorporates prior 
knowledge. The algorithm first estimates prior response values through a prior-only 
regression, interpolates between these prior values and the original data, and then 
applies the GMIFS method. Our experimental results on circRNA-miRNA-mRNA regula-
tory interaction networks demonstrate that Pi-GMIFS consistently enhances precision 
and recall in RNA interaction prediction by leveraging implicit information from bulk 
RNA-seq expression data, outperforming the initial prior knowledge.

Conclusion:  Pi-GMIFS is a robust algorithm for inferring acyclic interaction networks 
when the variable ordering is known. Its effectiveness was confirmed through exten-
sive experimental validation. We proved that RNA-seq data of a representative size help 
infer previously unknown interactions available in TarBase v9 and improve the quality 
of circRNA disease annotation.

Keywords:  Bayesian network, Structure inference, Circular RNA, Penalized regression, 
Functional annotation
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Introduction
The advent of modern high-throughput methods for RNA profiling (RNA-seq) has 
made it possible to efficiently sequence enormous amounts of transcript data. The 
collection of such large quantities of data enables the modelling of a more compre-
hensive and complex view of the molecular system of a cell [1–3]. This cellular system, 
composed of interacting genes and transcript products, forms a dynamic interaction 
network of co-regulating RNA elements [4].

Competing endogenous RNA (ceRNA) networks encode how various types of RNAs 
compete for shared micro RNAs (miRNAs), aiding in the understanding of gene regu-
lation and cellular systems. circular RNAs (circRNAs) are the least explored RNA type 
in these networks. Current RNA-seq biology research has focused predominantly on 
circRNAs because of their emerging roles in gene regulation and disease mechanisms 
[5]. Although circRNAs were first discovered more than 20 years ago, the functional 
role of circRNAs in an organism is still not fully understood [6, 7]. Notably, they have 
been found to be a part of multiple pathways, including the RNA trap for messenger 
RNA (mRNA) production [6, 7] or miRNA selective regulation by sponging [7]. The 
latter pathway in the form of a circRNA-miRNA-mRNA regulatory interaction net-
work, a special case of a ceRNA network [8], plays a crucial pathogenic role [7, 9, 10].

The miRNA-mRNA segment of the ceRNA network is supported by a substan-
tial body of experimentally validated evidence accumulated over several decades. 
The most robust validation methods for demonstrating miRNA-mRNA associations 
include luciferase reporter assays, quantitative reverse transcription polymerase 
chain reaction (qRT-PCR), and western blots [11]. Consequently, current databases, 
such as TarBase v9 [12], are founded on strong empirical evidence. However, these 
experimental techniques are both expensive and time-consuming, creating a demand 
for computational in-silico tools to help narrow down potential targets [13, 14].

The importance of in-silico tools has increased further for less experimentally 
explored circRNA-miRNA interactions. Most circRNA-miRNA interaction databases 
rely solely on in-silico tools such as TargetScan [15] or miRanda [16]. Although there 
has been a recent increase in experimentally validated circRNA-miRNA interactions, 
as noted in [17], the overall quantity of such interactions remains insufficient for a 
complete shift to reliance on validated interactions alone.

RNA-seq profile data, along with other existing knowledge sources such as sequence 
alignment predictions and few experimentally validated results, can help improve 
interaction predictions. In this study, we consider non-RNA-seq data as prior knowl-
edge. This prior knowledge acts as a benchmark for evaluating prediction tools and 
can help reduce the need for large RNA-seq sample sizes. This approach is particu-
larly useful in cases of data sparsity, such as circRNA-miRNA-mRNA studies, which 
often follow the “large p, small n” paradigm (where p is the number of genes/RNAs 
and n is the number of samples) [18].

The recent increase in the number of RNA-seq datasets, despite their heterogene-
ous nature, may facilitate the combination of prior knowledge with diverse samples. 
This could enhance the quality of initial prior knowledge predictions and assist in 
identifying candidate RNA-RNA interactions for further experimental validation. The 
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procedure of transforming the collection of RNA-seq samples into an enhanced inter-
action network of superior quality is referred to as the training process.

Despite these advancements, no existing study, to our knowledge, has introduced 
an algorithm that remains numerically stable when handling heterogeneous RNA-seq 
data while also integrating prior knowledge. The primary contribution of this paper is 
the development of such an algorithm, Pi-GMIFS. We evaluated its performance using 
a large RNA-seq dataset and analyzed the relationship between prior knowledge quality 
and the required RNA-seq sample size.

Finally, we applied Pi-GMIFS to infer a circRNA-miRNA interaction network in a set-
ting where no experimentally validated prior knowledge was available. Additionally, we 
propose a method for assessing prediction quality when a ground-truth reference struc-
ture is absent.

Related work
Initially, the sequence alignment approach was one of the first attempts to describe 
the enigmatic regulatory mechanism between circRNAs and miRNAs [19]. Unsurpris-
ingly, the sequence alignment algorithms, such as the abovementioned TargetScan or 
miRanda, initially developed for miRNA-mRNA target prediction [13, 20], were gen-
eralized to account for a new type of interaction. Nevertheless, despite providing 
experiment-free predictions for potential targets, their usage has been limited due to 
non-canonical region alignments [21] or high levels of false positive predictions [22].

Concurrently, methods based on high-throughput RNA-seq analysis have become 
accessible because of the emergence of numerous databases with RNA-seq profiles. 
Unlike experiments that concentrate on specific miRNAs or circRNAs of interest, these 
samples prepare a full-scale profile of all types of transcripts [23].

The foremost research started from correlation matrix analysis and by evaluating the 
correlation of each transcript pair separately. The problem, however, lies in the combina-
torial effect, such as multiple miRNAs regulating the same mRNA simultaneously [24]. 
The solution was found in modelling the whole regulatory network, as it is employed in 
the general graphical framework of Bayesian probabilistic networks [25–28]. The algo-
rithms designed for inferring the structure of general Bayesian networks were initially 
developed to address problems with unknown topological orderings. Despite improve-
ments in the scalability of these methods-such as the tiled-ALARM network, which 
has approximately 10,000 variables and is inferred via the MMPC algorithm [27], or the 
5,000-variable Gaussian network inferred via the sparsebn framework [29], the inference 
challenge remains significant. The persistence is expected, as structural inference in acy-
clic Bayesian networks without known topological ordering has been proven to be NP-
hard [30].

An active research area involves applying Large Language Models (LLMs) to integrate 
both expression and sequence information of RNAs to infer RNA or protein structural 
interactions [31]. A key focus is developing scalable approaches that can efficiently tackle 
NP-hard problems. However, despite these potential scalability benefits, there remains 
an ongoing debate regarding the reliability and generalizability of LLM outputs, particu-
larly in mathematical and logical problem solving [32].
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Alternatively, the isolated analysis of individual subgraphs, e.g. regulatory axes, of the 
whole biological network is a common approach [33, 34] and thus is employed in this 
study in a specific case of the circRNA-miRNA-mRNA axis. The known ordering allows 
for the decomposition of an inference per RNA, reducing its complexity to a polynomial. 
A typical approach to integrate multiple regulatory RNAs is the modelling with a prob-
abilistic regression-based model. To account for the non-linear nature of the relation-
ships, Generalized Linear Models (GLMs) are used.

The idea of GLM usage in the RNA-seq data has been employed in [35–37], although 
instead of directly using regression to determine the interactions, the focus is shifted to 
metadata analysis such as the effect of experimental setup or tissue type. The inference 
of interactions is conducted on the basis of differential expression analysis similar to cor-
relation analysis [36, 38].

Alternatively, modern state-of-the-art inference in a context of regression is per-
formed via LASSO [39, 40] or ElasticNet [41] penalization. A specific Negative-binomial 
or Poisson type of GLMs designed for RNA-seq data was first implemented as penalized 
inference in [42, 43]. However, it suffers from numeric instabilities and our experiments 
have shown that it cannot be used in enormous heterogeneous datasets of RNA-seq pro-
files. A study [44] reported a similar issue, although it was attributed to the small pro-
portion of their RNA-seq dataset, which allowed them to disregard the problem.

Recent work from [45] has introduced a stable iterative solution path, generalized 
monotone incremental forward stagewise (GMIFS), which mitigates the problem of 
numeric instabilities in heterogeneous and enormous RNA-seq data. The idea is to shift 
from large optimization steps to smaller steps to avoid numerically unstable regions of 
high-dimensional space and follow the solution path only.

The previously mentioned LASSO GLM inference is known to have a method of direct 
prior incorporation in the form of varying penalty hyperparameter weights on the basis 
of the amount and quality of evidence supporting a particular interaction [42]. However, 
the absence of direct hyperparameter modelling prevents GMIFS from directly incorpo-
rating the prior in the same way.

We propose a solution based on an alternative approach first introduced in [46]. It 
combines predictions from a prior-only ideal GLM network with the actual RNA-seq 
input data.

The novelty of the proposed algorithm, Prior-incorporated GMIFS (Pi-GMIFS), lies in 
its ability to overcome numerical instability through a forward stagewise procedure and 
its unconventional method of incorporating prior information. While the first approach 
allows the use of highly heterogeneous datasets, the number of RNA-seq samples 
required without prior information makes this approach impractical. The key reason 
is the lack of a sufficient number of RNA-seq samples in fields where the algorithm is 
most needed, such as in circRNA-miRNA interaction inference. Moreover, when many 
small-sample datasets are added to reach the required amount, the information from 
each additional dataset may be invalidated by batch effects due to different conditions 
and tissues.

Conversely, by incorporating prior information, the threshold for the minimum RNA-seq 
sample size is reduced, as information is implicitly extracted from the prior. This reduction 
is demonstrated empirically by comparing the performance and the relationship between 
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RNA-seq sample size and prior information in experimentally validated scenarios. Further-
more, the combination of prior information and RNA-seq data has been shown to improve 
the performance of the secondary task of automated disease annotation, indicating an indi-
rect benefit.

Materials and methods
In the following section, we first present the formal problem definition, then introduce the 
publicly available data, and finally describe the proposed algorithm, Pi-GMIFS.

Problem statement

Let j = 1, ...,M index the RNA-seq samples, and i = 1, ...,N  index the RNA transcripts 
quantified in each sample. The outcome of the RNA-seq profiling is represented by the 
read count matrix X ∈ N

M×N
0  , where each column corresponds to the i-th RNA tran-

script and each row represents an j-th sample. The RNA transcripts are categorized into 
three types: circular RNAs (circRNAs), microRNAs (miRNAs), and messenger RNAs 
(mRNAs). Let c = {c1, ..., cNc } , m = {m1, ...,mNm} and r = {r1, ..., rNr } represent the sets 
of circRNA, miRNA, and mRNA variables, respectively. The entire count matrix is then 
X = (cT ,mT , rT )T and N = Nc + Nm + Nr.

This leads to the joint probability distribution:

We adopt a tripartite ceRNA [7, 9, 10] Bayesian network model to represent the depend-
encies between these three distinct RNA variable sets. This structure reflects the known 
regulatory relationships between RNA types for each variable, as described by the fol-
lowing factorization:

For the remainder of the paper, the formulas are provided for the miRNA-mRNA terms 
only, e.g., P(ri | m) , although they can be generalized to other terms straightforwardly.

The task of interaction network learning, also known as feature selection [40, 46], 
involves finding a subset of all possible conditional RNAs, e.g., the parent set Pa(ri) ⊆ m , 
which actually contributes to the probability distribution of this particular RNA, e.g., 
P(ri | m) = P(ri | Pa(r i)) . Owing to the decomposition of the Bayesian network model in 
Eq. 2, the inference could be performed per-RNA independently.

A summary of the notation is provided in Fig. 1.
The proposed inference algorithm then predicts the parent set according to the count 

matrix:

In addition to the count matrix X, prior knowledge about structural predictions from 
previous studies is also incorporated. In this study, prior knowledge is simplified to 
include only the presence of interaction entries, without any evaluation of interaction 
quality. This simplification yields the prior parent subset Paπ (ri) , which represents the 

(1)P(c1, ..., cNc ,m
1
, ...,m

Nm , r
1
, ..., r

Nr ) = P(c,m, r)

(2)P(c,m, r) =

Nc∏

i=1

P(ci | ∅)

Nm∏

i=1

P(mi | c)

Nr∏

i=1

P(ri | m)

(3)f : X , ri �→ Pa(ri)
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set of prior interactions for each transcript ri . Consequently, the prediction function 
changes to:

The goal of the proposed algorithm is to overcome the prior parent prediction Paπ in 
terms of the correctness of the parent subset. The correctness is evaluated in compar-
ison with the assumed ground-truth parent set, Patrue , which is defined by the state-
of-the-art database of experimentally validated interactions. A metric to measure the 
correctness used in this study is the F1-score, although it can be any structure compari-
son metric such as the accuracy, Hamming distance [27], etc. We denote the metric as 
the function S : Pa× Patrue �→ R

+
0  . The goal of the algorithm could then be formulated 

as:

Data

In our study, we work with three principal types of datasets. First, we compiled a repre-
sentative pool of RNA-seq expression profiles. Second, we utilize existing computation-
ally predicted or experimentally validated RNA interaction data. Finally, we collected a 
set of available circRNA-disease annotations for the indirect evaluation of our algorithm.

(4)f : X ,Paπ (ri), ri �→ Pa(ri)

(5)S(Pa,Patrue) > S(Paπ ,Patrue)

Fig. 1  A summary of the tripartite ceRNA Bayesian network probabilistic model and the RNA-seq count data 
notation introduced above. An example of parent subset notation is also provided



Page 7 of 35Anuarbekov and Kléma ﻿BMC Bioinformatics          (2025) 26:139 	

RNA‑seq data collection

We collected a sample pool from the Gene Expression Omnibus (GEO) [47](https://​
www.​ncbi.​nlm.​nih.​gov/​geo/). The database provides a large catalogue of high-through-
put gene and RNA expression profiles. Among these profiles, large enough RNA-seq 
datasets with measurements of all three RNA types from Homo Sapiens were selected 
and downloaded, and a total of 434 samples were obtained. Furthermore, 1,658 samples 
from The Cancer Genome Atlas (TCGA) [48] were added. The only concern with the 
TCGA dataset is the absence of circRNA amplification experiments, e.g. circRNA-seq 
entries, making the circRNA counts in TCGA datasets unusable in the circRNA-miRNA 
part. The collected RNA-seq datasets are summarized in Table 1.

Mature miRNAs were annotated according to the miRBase [49] database. The mRNAs 
were annotated according to the Human Genome Organization (HUGO) Gene Nomen-
clature Committee (HGNC) [50] gene symbol convention. The circRNA mapping was 
taken from [51], where the raw data were mapped to the GRCh37/hg19 genome and 
annotated according to the circBase [52] database. Lastly, only those circRNAs with at 
least one entry in circInteractome [53] were annotated.

To partially mitigate the effects of heterogeneity, including differences in raw read 
counts and gene lengths across individual RNAs, we employed two straightforward nor-
malization methods: Counts per Million (CPM) and Transcripts Per Million (TPM). The 
pre-normalized value distribution is shown in Fig. 2.

In subsequent experiments, we employ two collections of RNA-seq data. The first col-
lection consists of 434 samples from MDS, RNA Atlas, and BT, which include all three 
RNA types: circRNA, miRNA, and mRNA. The second collection comprises 2,092 sam-
ples from all five datasets, containing only miRNA and mRNA. The larger collection 
is used primarily to empirically assess the impact of increasing sample size, while the 
smaller collection is applied to the clinically relevant task of inferring novel circRNA-
miRNA interactions, a scenario where the algorithm is most needed.

Experimentally validated prior knowledge collection

Next, since the RNA-seq profiling is limited in number in case of circRNA or any other 
emerging field of the RNA-seq analysis, the sample size of the RNA-seq could not be 
increased indefinitely. In practice, the use of RNA-seq samples only could not achieve 

Table 1  Comparison of all the RNA-seq datasets collected

1 Numbers represent RNAs with at least one non-zero raw read count in the dataset
2 These circRNAs were mapped from the chromosome location (chr:start end) to the circBase ID (hsa_circ_ID) [52] (http://​
www.​circb​ase.​org/) using appropriate human genome version mapping
3 Total numbers after removing RNAs with zeroes in all datasets

Dataset GEO/BioProject ID Samples circRNAs1 miRNAs1 mRNAs1

MDS [54] PRJNA896500, PRJNA679200 77 3,009 2,507 17,232

RNA Atlas[55] GSE138734 294 2,2422 1,646 17,903

BT [56] GSE236933, GSE236932 63 2,1502 2,349 18,784

TCGA-COAD [48] —– 460 1 2,142 19,178

TCGA-BRCA [48] —– 1,198 36 2,221 19,223

Total table3 —– 2,092 3,009 2,479 18,778

https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
http://www.circbase.org/
http://www.circbase.org/
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any reasonable result by itself. To overcome such issue, the RNA-seq data is enhanced 
with the additional (prior knowledge) sources of interaction information.

First type of these prior knowledge sources are the known experimentally validated 
interactions databases. The most recent and largest of them, TarBase v9 [12], was used 
as a ground-truth, whereas its previous version TarBase v8 with several additional data-
bases, combined into a single multiMiR [57] package, was provided as an input to the 
algorithm. A summary of these prior knowledge databases is presented in Table 2.

TargetScan prior source and its performance evaluation

Another source of prior knowledge is synthetic computational algorithm predictions. In 
this study, biochemical alignment algorithms (e.g., TargetScan and miRanda) are consid-
ered. This is because the circInteractome database [53] has been regarded as one of the 
main reference sources for circRNA-miRNA interactions in several studies [7, 10, 60, 
61]. Consequently, in the absence of experimentally validated information, predictions 
from these algorithms are the only available prior source.

Evaluating the performance of computational tools such as TargetScan and miRanda 
for predicting circRNA-miRNA interactions is challenging due to the recent discovery 
of these interactions [7] and the lack of validated references. One approach to evalu-
ate these tools is to compare their performance on miRNA-mRNA interactions using 

Fig. 2  A density plot of all datasets raw read counts for three types of RNAs in the ceRNA network. Log-scale 
transformation is applied to visualize exponentially differing counts only

Table 2  A table of prior knowledge databases used

1 TarBase v9 prior knowledge is used as a ground truth reference for the multiMiR evaluation. Formally, the reference is 
assumed to be perfectly correct, as reported by the 100% entries. However, realistically, it is limited by biological evaluation 
methods, such as PAR-CLIP, which are estimated to have an approximately 11% false positive (FP) rate [59]. Thus, the second 
value in brackets corresponds to this estimation
2 Performance on miRNA-mRNA experiments in [58] is used as a reference

Source Interaction type Num entries Precision Recall Method

TarBase v9 [12] miRNA-mRNA 1,292,326 100 % (89%) 1 100% 1 Experimental in-vitro

multiMiR1 [57] miRNA-mRNA 732,112 34%1 19%1 Experimental in-vitro

circInteractome[53] circRNA-miRNA 55,148 12.5%[58] 2 25%[58]2 TargetScan in-silico
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available experimentally validated data and then extrapolate the results to the circRNA-
miRNA case.

Several studies have taken different approaches to this evaluation. One study com-
pared the predictions with the miRTarBase database [58]. Another study used an 
experimental reference dataset and measured changes in protein levels in upregulated 
or downregulated miRNAs to calculate precision values [20, 62]. A third study assessed 
precision using the positive predictive value (PPV) by comparing predictions with inter-
actions from miRTarBase [58].

The results of these evaluation studies are summarized in Table  3. In subsequent 
experiments, a reference performance of 12.5% precision and 25% recall is used as the 
benchmark level for the circRNA-miRNA part of the network. To our knowledge, no 
experimentally validated database with sufficient entries is currently available. The main 
reason for choosing the evaluation in [58] is that it employs non-canonical miRNA-
mRNA interaction types that are most similar to those observed in the circRNA-miRNA 
case.

Experimentally validated circRNA‑disease databases

Finally, when experimentally validated interactions are insufficient or unavailable-such 
as for circRNA-miRNA interactions within the tripartite ceRNA network-an indirect 
evaluation approach can be employed. Instead of relying solely on limited experimental 
structural evidence, we utilize a broader set of databases that provide robust experimen-
tal support for circRNA-disease relationships. These databases include evidence from 
in vitro knockdown studies, qRT-PCR, and microarray expression analyses.

Importantly, experimental validations predominantly favor entries from the circIn-
teractome/TargetScan databases [15, 53]. This bias arises because the candidate set of 
potential interactions tested in these studies is often generated using TargetScan [63]. As 
a result, many validated interactions are skewed toward the circInteractome prior rather 
than reflecting an objective evaluation.

For instance, consider the reference experiment presented in [64] from Circ2Dis-
ease [65]. The study first identified a set of circRNAs that are differentially expressed 
in hepatic steatosis. Subsequently, the researchers constructed a network comprising 
TargetScan-derived circRNA-miRNA interactions and the miRDB 5.0 experimentally 

Table 3  Different TargetScan performance evaluation methods

1 Values in brackets represent non-functional target sites of miRNAs
2 Values were computed according to supplementary Figure SD 4, average across the UTR length range is used
3 miRTarBase provides only positive examples so the authors did not provide any precision evaluations
4 Supplementary Table S21 provided in [62] used for reference

Source Reference validation TargetScan TargetScan PPV TargetScan recall

2009 [20] pSILAC experiment v5.0 0.51 0.12

2016 [58] miRTarBase v6 v7.0 0.1252 0.252

2020 [62]4 miRWalk2 v6.2 0.8 0.7

2020 [62]4 miRDIP high conf. experiment v6.2 0.9 0.26

2022 [21] CLASH experiment v7.2 0.95 0.12

2022 [21] CLEAR-CLIP experiment v7.2 0.99 0.23

2022 [21] miRTarBase v8 v7.2 —–3 0.76 (0.3)1
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validated miRNA-mRNA interactions. An automated gene annotation tool was then 
used to generate a set of connected genes along with their functional annotations 
from this network. Within this set, a specific gene was demonstrated to play a key 
role in hepatic steatosis. Although this discovery is confirmed, the reliability of the 
approach depends directly on the quality of the circRNA-miRNA network and it cer-
tainly favours the predictions from TargetScan.

A summary of all collected circRNA-disease associations and their respective data-
bases is presented in Table 4.

Since both circRNA-disease associations and computational outputs are available 
for the circRNA-miRNA part of the network, we designated one as the input and the 
other as the reference. Specifically, the circInteractome TargetScan data-provided 
in a direct structural form-was selected as the input prior knowledge. In contrast, 
circRNA-disease pairs, which are provided in an implicit form, are used solely as a 
reference for evaluating the predicted structure. The exact procedure of indirect eval-
uation is described later in Sect. Indirect structure evaluation via disease annotation.

Regression framework

On the basis of the problem statement, we assume a Bayesian network decomposition 
term to follow the Negative Binomial distribution owing to its overdispersed count-
data nature:

We then model the Generalized Linear Model (GLM) regression as the log-linear rela-
tionship of its mean parameter to the parent set:

where log is the natural logarithm. Note that the logarithm and all subsequent trans-
formations are applied to predictors only, the dependent variable remains as a raw read 
count.

(6)
P(ri | Pa(ri)) ∼ NegativeBinomial(µi,φi)

where µi is a mean, and φi is a dispersion parameter

(7)
µi = exp


βi0 +

�

mk∈Pa(ri)

βik logm
k




Shorthand notation: ri ∼ Pa(r i)

Table 4  A table of experimentally validated circRNA-disease associations

1 Only the overlap with 3,009 previously collected CircRNAs is considered
2 Only the overlap with 60 miRNA/mRNA diseases from GPACDA [66] is considered

Name CircRNAs1 Diseases2

Circ2 disease [65] 5 11

CircR2Disease v2.0 [63] 57 36

circRNADisease v2.0 [17] 415 38

Total overlap 469 50
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Structure inference

One of the most convenient ways to perform feature selection in the GLM setting is to 
use all possible parents m and apply a penalty to coefficient values, which encourages 
sparsity by forcing some coefficients to zero. This penalized regression approach has 
been applied in several studies [39, 40, 42] in the form of the LASSO [40] L1 penalty or 
ElasticNet [41] combination of L1 and L2 penalties. In the case of the LASSO penalty, the 
previous GLM framework can be extended as:

where li(X ,β) represents the Negative Binomial loss (deviance), which is proportional to 
the log-likelihood. The final prediction output will then be a set of non-zero coefficients: 
Pa(ri) = {mk : βik �= 0}.

However, owing to the heterogeneity and imbalance in the RNA-seq dataset, the range 
of values across different RNA types varies significantly across samples, which could 
lead to an issue where larger counts are driven to zero. To reduce this bias, a normaliza-
tion procedure is introduced:

The normalization factors remain the same, e.g. ok , for the mk miRNA variable in case of 
circRNA-miRNA regression. Also, the index is different for mRNAs, miRNAs and circR-
NAs and is denoted as k for simplicity.

This ensures that our pipeline benefits from both the original raw read count Negative 
Binomial distribution modeling, as described in [36, 37], and the advantages of normal-
ized continuous-value approaches, where predictor coefficients are numerically stable, 
as seen in microarray studies such as [40]. Note that the normalization is generic and all 
CPM/TPM normalizations, as well as more advanced methods such as TMM [36] could 
be represented in this formulation by simply dividing the transformed count by the raw 
read one. Note that the normalization is implicitly applied to the dependent variable via 
offset oi as well.

Furthermore, this approach allows for straightforward incorporation of prior knowl-
edge. In this context, prior knowledge refers to external information about the rela-
tionships between the candidate predictors mk and the target variable ri . To reflect the 
reliability of the external source, it is reasonable to adjust the penalty accordingly. In 

(8)

µi = exp


βi0 +

�

mk∈m

βik logm
k




arg min
β

li(X ,β)+ �

�

mk∈m

|βik |

Short-hand notation: ri ∼ m

(9)

rij orm
k
j = Original raw read count of mRNA/miRNA

okj = Normalization factor of k-th RNA and j-th sample

�mk
j =

mk
j

okj
= Normalized expression level

µi = exp


βi0 +

�

mk∈m

βik log m̃
k
+ log oi



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its simplest form, prior knowledge affects only the presence or absence of a relation-
ship. Thus, we introduce two penalty hyperparameters: a larger penalty for candidates 
without prior knowledge, and a smaller penalty for those supported by prior knowledge. 
Formally:

The LASSO objective function is then changed accordingly:

We employed this approach via the open-source R library mpath [42] on our collected 
heterogeneous RNA-seq dataset. However, the direct solution of the LASSO, with or 
without prior knowledge, results in numeric divergence, such as infinite gradient over-
flow. This issue was found to be theoretical in nature rather than a flaw in the implemen-
tation [43, 44].

Specifically, the issue arises from the curvature of the exponential parameter space. 
Similar issues with the Negative Binomial LASSO were encountered in [44], further 
highlighting the instability caused by the curvature of the heterogeneous RNA-seq col-
lection. This issue cannot be resolved via the coordinate-descent-based optimization 
algorithm commonly employed for minimization [43]. For reference, the percentage of 
hyperparameters that could not be estimated, even after multiple manual restarts with 
different initial coefficient values, is presented in Table 5.

Prior‑incorporated generalized monotone incremental forward stagewise (Pi‑GMIFS)

The alternative optimization algorithm, generalized monotone incremental forward 
stagewise (GMIFS), was used. Instead of direct optimization of the GLM objective func-
tion for a given � via a second-order derivative, gradient optimization via the constant 
step is performed. The algorithm then only follows the LASSO solution path and does 
not expand to numerically unstable outer regions. The drawback of this simplification 
is the limited model capability, as the current GMIFS model is equivalent to the con-
strained monotone version of the LASSO algorithm, not allowing for ElasticNet-like L2 
penalty addition.

Another potential source of the divergence may be the numerically unstable sec-
ond derivative, as discussed in [67]. To address this, GMIFS uses an expanded space 
instead of directly computing the second derivative, as is done in coordinate descent. 
For each penalized parameter βi , GMIFS introduces two parameters – β+

i  and β−
i  , 

(10)�ik =

{
�prior if m

k ∈ Paπ (r i)
�non−prior otherwise

s.t. �non−prior ≥ �prior

(11)li(X ,β)+ �prior

∑

mk∈Paπ (ri)

|βik | + �non−prior

∑

mk /∈Paπ (ri)

|βik |

Table 5  Numeric issues of the mpath library [42] with penalized GLM applied to the collected RNA-
seq dataset

Model Total hyperparameters Successfully 
converged

Convergence

NegBin LASSO (97 mRNAs) 5335 894 16.7%

Poisson LASSO (97 mRNAs) 5335 1834 34.38%

NegBin ElasticNet (2 mRNAs) 550 248 45.09%
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each with different signs and coefficient estimations. Next, it performs small gradient 
steps with the most correlated signed parameter in contrast to the optimal step size 
computed via the second derivative. After the iterative fitting process, the resulting 
variable value is derived as βi = β+

i − β−
i .

The primary challenge with the GMIFS approach lies in incorporating prior knowl-
edge. In previous algorithms, it was possible to directly modify the penalty values; 
however, in GMIFS, the hyperparameter grid is absent and is replaced by the gradi-
ent step and tolerance threshold. Then, the solution path generated during the itera-
tive procedure approximates the path that would be obtained using an infinitely fine 
hyperparameter grid. The optimal value is then selected along this solution path 
based on the selected criterion. Consequently, an alternative method of prior incor-
poration, first proposed in [46], is used. The approach, named Pi-GMIFS, can then be 
summarized in the diagram in Fig. 3.

The key concept is response mixing: instead of directly modifying the hyperparam-
eters of the prior and non-prior coefficients, a perfectly linearized response value of 
prior-parent-only non-penalized regression is mixed with the actual input data to 
force the algorithm to use the prior parents. Such a modification introduces a new 
hyperparameter η , which is selected according to the predefined hyperparameter 
grid and the selection is performed via four alternative metrics – BIC, AIC, train log-
likelihood and test-set log-likelihood. For each criteria we take a maximum criterion 
value observed on the solution path for a given η.

Fig. 3  An illustration of the Pi-GMIFS algorithm. The prior-incorporation step is the extension on top of the 
GMIFS algorithm. The hyperparameter grid for a mixture of prior-incorporation response value and original 
response value, in this case, is selected on a log scale between 0 and 10,000
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The AIC, BIC and test-set log-likelihood (in form of cross-validation) criteria are 
taken from the original GMIFS algorithm from [45]. The train log-likelihood is added 
as a non-regularized form of AIC and BIC. The proposed algorithm is summarized in 
Algorithm 1.

The only detail to be discussed is the sample division. For the subsequent experi-
ments we selected a 95:5 train-test split for the test-set log-likelihood criterion. The 
division is performed uniformly across all samples, ensuring that each dataset (MDS, 
BT, RNA Atlas) has its samples represented in both the training and test sets.

All other criteria that do not require the test set are given the same training set as 
the test-set-based criterion. The reason is computational, using a different training set 
for the test-set-based criterion would necessitate running an entire separate GMIFS 
computation pipeline for a single criterion. The impact of additional samples is also 
of a particular interest in the studied setup, as a lack of performance improvement 
would indicate that the sample size is already sufficient.

Algorithm 1  Prior-incorporated GMIFS

Indirect structure evaluation via disease annotation

We additionally propose an alternative approach to evaluating the quality of predic-
tions, rather than directly comparing them to a ground-truth reference. Our method 
involves running an automated disease annotation pipeline that uses the predicted 
structure as input. If the structure is improved, the accuracy of the secondary annota-
tion task is also expected to increase.

The key reason for the introduction of this alternative evaluation method is the late 
discovery of circRNAs. Compared with the well-established mRNA and miRNA data-
bases, experimentally validated circRNA-miRNA interactions remain scarce, making 
their use impractical. Instead, a much more extensive collection of circRNA-disease 
associations, as shown in Table 4, was used to indirectly evaluate the credibility of the 
inferred structure, hence the term “indirect evaluation”.

To systematically compare large-scale networks, we adopted the framework from 
circGPA/GPACDA [60, 66]. This approach allows us to annotate and evaluate each 
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selected circRNA and its associated disease terms in a structured manner and in pol-
ynomial time.

In contrast to the aforementioned framework, several approaches have been 
explored for circRNA-disease annotation. Benchmarking results from [68] indicate 
that deep learning-based methods outperform simpler techniques such as circGPA/
GPACDA.

Nevertheless, among the evaluated deep learning alternatives [69–72], only [72] 
addresses the problem within the context of a tripartite circRNA-lncRNA-miRNA 
network. However, the fact that the exact circRNA-miRNA-mRNA network is not 
directly utilized necessitates additional training of these networks for our specific 
problem. Given that the indirect approach serves solely as a secondary validation 
task, we have opted for a simpler tool, although deep learning models could poten-
tially enhance the accuracy of the indirect evaluation.

In this evaluation, the GPACDA computed the annotation score and its p-value for 
each circRNA-disease pair. The score was derived from the interaction network of the 
corresponding circRNA and was based on known associations between the disease 
and mRNA, as well as the disease and miRNA. The GPACDA tool works with the 
assumption of guilt-by-association [60, 73] which suggests that interacting RNA mol-
ecules are likely to have similar functions or roles. The resulting scores were evaluated 
against the known circRNA-disease associations introduced in Sect. Experimentally 
validated circRNA-disease databases that remained hidden during the automated 
annotation. The process of indirect evaluation is summarized in Fig. 4.

Fig. 4  An illustration of the indirect evaluation pipeline. The GPACDA annotation tool is run with different 
input interaction networks, and the quality of the resulting circRNA-disease annotations is compared among 
the networks
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Since the annotation task is different from the original annotation with a fixed vali-
dated network [60, 66], the modification of score statistics, named as varying network 
statistics score, was newly implemented into the GPACDA tool. The difference is that 
instead of the annotation, the network structure is varying. The detailed implementation 
is available in Appendix B.

Area under the receiver operating characteristic curve (AUROC) metric for indirect structure 

evaluation via disease annotation

The primary challenge in evaluation lies in selecting the appropriate metric for the gen-
erated statistics and their corresponding p-values on the basis of the validated pairs. The 
absolute values of the statistic and p-value are impractical; they are inversely related to 
the number of edges. As the network density for a given circRNA increases, the p-value 
decreases. This could be illustrated by the relationship pvalue�am,c

i �1
(s(ci, am,c

i )) ∝ 1
�a

m,c
i �1

 

(see Appendix B for the detailed notation). Consequently, only the p-values for all dis-
eases of a single circRNA are comparable because they are of the same order of magni-
tude given by same network part, allowing for robust comparisons within a single 
circRNA. Thus, rather than evaluating absolute p-values across circRNAs, the analysis 
focuses on the sorted order of terms on the basis of p-values for a single circRNA. If a 
specific circRNA has validated associations with a set of diseases, the goal is to predict 
lower p-values for this set than for the remaining diseases.

A suitable criterion for assessing the order of p-values, rather than their absolute 
values, is the Area Under the Receiver Operating Characteristic (AUROC) [74]. The 
AUROC metric operates similarly to the F1-score, specifically by calculating the True 
Positive Rate (TPR) and False Positive Rate (FPR), as defined in Eq. 12.

The computation involves defining a varying decision threshold. Prediction scores below 
this threshold are classified as negative predictions, whereas those above are classified as 
positive. The estimated area under the TPR-FPR curve reflects the strength of the pre-
diction [74].

In our AUROC context, the predicted score is defined as 1− pvalue , ensuring values 
range between 0 and 1. A higher score indicates a lower p-value and a greater likeli-
hood of the annotation term. Positive predictions involve associating a correct disease-
circRNA association with a (1− pvalue) < threshold . The validated pairs provide the 
ground truth for computing the AUROC metric. The implementation of AUROC com-
putation is performed via the pROC open-source R library [75].

Results
In this section, the proposed algorithm is experimentally evaluated. First, we demon-
strate a direct evaluation using a known ground-truth reference. Next, we present an 
indirect evaluation for cases where the true underlying structure is unknown.

(12)
TPR =

TP

TP + FN

FPR =
FP

FP + TN
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miRNA‑mRNA interaction prediction with F1‑score

The first experiment uses Pi-GMIFS to predict miRNA-mRNA interactions. The interac-
tions recorded in TarBase v9, the latest experimentally verified interaction database, are 
taken as the ground truth. Pi-GMIFS algorithm takes as the input a set of high-through-
put RNA-seq data alongside with prior knowledge on miRNA-mRNA interactions. In 
the experiment, the size of the RNA-seq dataset as well as the quality of the prior will 
be changed. We will work with two different RNA-seq sample sizes and MultiMir and 
synthetic priors. The goal is to approach the ground truth, this includes determining 
how many novel interactions were correctly identified and how many outdated interac-
tions were successfully removed. To the best of our knowledge, no existing algorithm 
can compute the unstable RNA-seq dataset alongside the prior. Therefore, the prior level 
was designated as the benchmark baseline to be surpassed.

We use the F1-score as the score function S() from the problem statement, which 
reflects the harmonic mean of precision and recall. Unlike the more straightforward 
Structural Hamming Distance (SHD) metric for structural assessment, the F1-score pro-
vides a balanced evaluation for both dense and sparse networks [76]. The equation for 
the metric is as follows:

where TP, FP and FN represent true positive, false positive and false negative interac-
tions, respectively.

For the computations, the Pi-GMIFS was configured as follows:

•	 τ = 10−5 , ǫ = 10−4 (Default GMIFS initialization from [45])
•	 Negative Binomial distribution, the dispersion parameter φi is estimated via Hilbe’s 

method of moments as in [45]
•	 η ∈ {10−1, 0, 1, 10, 102, 103, 104}, Imax = 3000 (For hyperparameter η refer to 

Sect. Regression framework, for hyperparameter Imax refer to Appendix A)

Instead of applying the pipeline to the whole miRNA-mRNA network, only the top 100 
mRNAs with the greatest increase in the number of novel unique miRNA-mRNA inter-
actions between TarBase v9 and multiMiR were selected. Among these 100 mRNAs, 
only 97 had at least one non-zero raw read count across all samples. This reduction is 
due to the time complexity involved in processing the full set of 16,000 mRNAs. An 
overview of the first 10 entries with the greatest increase in novel interactions from 
multiMir to TarBase v9 is summarized in Table  6. The first row shows that multiMiR 
achieved approximately 32% precision and 5% recall for MACF1 when evaluated against 
TarBase v9. When averaged across all the multiMiR mRNAs, they align with the values 
presented in the second row of Table 2. When the percentages are averaged over the 97 
selected mRNAs, precision and recall correspond to the values reported in the first row 
of Table 7.

(13)

Precision =
TP

TP + FP

Recall =
TP

TP + FN

F1-Score =
2 · Precision · Recall

Precision+ Recall
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MultiMir prior

The first miRNA-mRNA experimental run aims to evaluate the performance of the Pi-
GMIFS algorithm when it is applied to high-throughput RNA-seq data alongside the 
multiMiR prior, a precise prior with a relatively low recall. This experiment predomi-
nantly test the ability of Pi-GMIFS to infer hidden valid interactions.

Initially, the expression data comprised 434 GEO RNA-seq samples. The results are 
depicted in the top left plot of Fig. 5. Although none of the criteria and hyperparameter 
values resulted in an outcome surpassing the F1 threshold set by the multiMiR prior, this 
limitation is attributable to the sample size. When additional 1,658 samples from the 
TCGA database were incorporated into the RNA-seq data, the algorithm outperformed 
the multiMiR prior, as illustrated in bottom left plot in Fig. 5. Notably, with the increased 
sample size, the maximum test-set log-likelihood criterion proved less effective, though 
CPM normalization again emerged as a more suitable choice than TPM normalization 
method.

TargetScan synthetic prior

To estimate the performance of Pi-GMIFS with a suboptimal TargetScan prior, such 
as circInteractome, it is necessary to adjust the prior quality to align with benchmarks 
reported in [20, 58]. In our experiment, we selected a prior level of 0.25 recall and 0.125 
precision, as described in [58]. This selection is based on the fact that circRNA-miRNA 
interactions were not considered in the original TargetScan alignment model, creating a 
bias towards conserved seed regions of miRNA [21]. Additionally, circInteractome spe-
cifically estimates interactions for a limited subset of miRNAs (193 out of 2,656), which 
potentially reduces its recall if the “80-20 rule” is not applied [60].

A synthetic prior was constructed to incorporate these aspects. First, the adjacency 
matrix of TarBase v9 was used, from which edges were subsampled, and some false 
edges were randomly introduced. The number of removed and added edges was adjusted 
to achieve a synthetic prior with 0.25 recall and 0.125 precision. Furthermore, a con-
straint was applied such that edges in the synthetic prior came from a restricted subset 

Table 6  The 10 mRNAs with the greatest increase in novel unique miRNA-mRNA interactions from 
multiMir (TarBase v8 and other databases) to TarBase v9

HGNC symbol multiMir entries TarBase v9 entries Novel entries Obsolete 
entries

MACF1 66 413 392 45

DYNC1H1 165 481 372 56

HUWE1 195 473 344 66

PRPF8 145 431 333 47

SPTBN1 140 413 315 42

MAP1B 241 466 307 82

CLTC 215 462 304 57

BIRC6 135 403 302 34

ZBTB20 151 346 296 101

UBR4 161 392 295 64
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of mRNAs. In particular, only 40 mRNAs had at least one prior interaction, while the 
remaining mRNAs were empty, thus simulating the circInteractome.

The synthetic prior, along with the same 434 GEO RNA-seq samples, was then input 
into Pi-GMIFS. The results are summarized in the top right plot of Fig.  5. The use of 
CPM normalization, and the test-set log-likelihood criterion resulted in an improve-
ment of two F1 levels over the prior.

Performance in miRNA‑mRNA experiments

A technical overview of all the experiments is shown in Table 7. Pi-GMIFS demonstrated 
its ability to refine erroneous prior knowledge and improve its quality in terms of the 
F1-score. Specifically, Pi-GMIFS outperformed the multiMir prior (0.62 precision, 0.18 
recall, 0.28 F1-score) when 2,092 RNA-seq samples were used, achieving a precision 
of 0.24, a recall of 0.54 and an F1-score of 0.34. The performance metrics indicate that 
Pi-GMIFS successfully detected numerous new interactions while maintaining a preci-
sion level that exceeds the typical precision achieved by computational methods. How-
ever, 434 RNA-seq samples were insufficient to surpass the prior. In contrast, Pi-GMIFS 
outperformed the synthetic prior (0.125 precision, 0.25 recall, 0.17 F1-score) even with 
434 RNA-seq samples, improving both precision (0.22) and recall (0.27) to achieve an 
F1-score of 0.24.

Fig. 5  Precision-recall plot with F1 isolines. The Pi-GMIFS scores are shown for two priors: multiMiR (TarBase 
v8, etc.) in the left column and a synthetically subsampled TarBase v9, designed to imitate TargetScan 
performance, in the right column. Two RNA-seq sample collections were used: 434 samples in the first and 
2,092 samples in the second row. The numbers near the contour lines correspond to F1-score levels. Only 
the CPM normalization method is shown, as it outperformed the other TPM normalization method. Each 
model selects the optimal hyperparameter η on the basis of 4 criteria (AIC, BIC, train log-lik, and test log-lik). 
The choice of η is made for each RNA node separately. The experiment with 2,092 RNA-seq samples using the 
synthetic TargetScan prior was not performed for its redundancy, see the explanation in Sect. Performance in 
miRNA-mRNA experiments
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Note that the experiment combining the 2,092 RNA-seq sample collection with 
the synthetic TargetScan prior was not conducted. This decision was based on the 
observation from the experiment with MultiMir, 2,092 RNA-seq samples, and the 
η = 0 configuration, which excluded any prior information. In this RNA-seq-only 
case the performance of the model dropped slightly–for example, the best train log-
likelihood had a precision of 0.18, a recall of 0.51 and an F1-score of 0.26, which 
already outperformed the TargetScan prior F1-score level of 0.17. In other words, 
Pi-GMIFS with a sufficiently large RNA-seq sample set overcomes the synthetic 
prior even without incorporating any prior information. The interaction prediction 
based purely on RNA-seq data works better than computationally-based interaction 
prediction with TargetScan.

Finally, an additional analysis of proposed η hyperparameter on the performance 
has been evaluated in Appendix C.

Table 7  Summary of all 97-mRNA experiments

For each input setup, the best GMIFS hyperparameter choice performance is highlighted as bold along with its F1-score. The 
values are rounded to 2 digit precision
1 Performance computed with the assumption of TarBase v9 being the ground truth
2 A TargetScan prior was constructed by synthetically subsampling the TarBase v9 network edges to have the same 
properties as TargetScan estimation from [58] with 0.125 precision and 0.25 recall

Algorithm Prior Sample size Precision 1 Recall 1 F1 1

Prior only multiMiR — 0.62 0.18 0.28
Pi-GMIFS, CPM, AIC multiMiR 434 0.26 0.19 0.22

Pi-GMIFS, CPM, BIC multiMiR 434 0.40 0.05 0.09

Pi-GMIFS, CPM, log-likelihood multiMiR 434 0.25 0.25 0.25

Pi-GMIFS, CPM, test log-likelihood multiMiR 434 0.23 0.26 0.25

Pi-GMIFS, TPM, AIC multiMiR 434 0.25 0.15 0.19

Pi-GMIFS, TPM, BIC multiMiR 434 0.43 0.05 0.09

Pi-GMIFS, TPM, log-likelihood multiMiR 434 0.22 0.22 0.22

Pi-GMIFS, TPM, test log-likelihood multiMiR 434 0.22 0.23 0.22

Prior only multiMiR — 0.62 0.18 0.28

Pi-GMIFS, CPM, AIC multiMiR 2092 0.25 0.54 0.34

Pi-GMIFS, CPM, BIC multiMiR 2092 0.26 0.45 0.33

Pi-GMIFS, CPM, log-likelihood multiMiR 2092 0.24 0.54 0.34
Pi-GMIFS, CPM, test log-likelihood multiMiR 2092 0.33 0.19 0.24

Pi-GMIFS, TPM, AIC multiMiR 2092 0.25 0.46 0.32

Pi-GMIFS, TPM, BIC multiMiR 2092 0.26 0.41 0.32

Pi-GMIFS, TPM, log-likelihood multiMiR 2092 0.25 0.47 0.32

Pi-GMIFS, TPM, test log-likelihood multiMiR 2092 0.14 0.05 0.07

Prior only TargetScan2 — 0.125 0.25 0.17

Pi-GMIFS, CPM, AIC TargetScan 434 0.25 0.06 0.09

Pi-GMIFS, CPM, BIC TargetScan 434 0.42 0.02 0.04

Pi-GMIFS, CPM, log-likelihood TargetScan 434 0.22 0.09 0.13

Pi-GMIFS, CPM, test log-likelihood TargetScan 434 0.22 0.27 0.24
Pi-GMIFS, TPM, AIC TargetScan 434 0.25 0.06 0.09

Pi-GMIFS, TPM, BIC TargetScan 434 0.44 0.02 0.04

Pi-GMIFS, TPM, log-likelihood TargetScan 434 0.21 0.09 0.12

Pi-GMIFS, TPM, test log-likelihood TargetScan 434 0.21 0.20 0.20
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Comparison with other methods

In order to benchmark the performance of Pi-GMIFS, we compared it against sev-
eral alternative frameworks using an identical dataset comprised of 434 RNA-seq 
samples. Our evaluation spans methods implemented in the glmnet library [77], the 
SPONGE framework [78], and various correlation-based approaches from the miR-
LAB R library [79]. Each of these methods processes log CPM-transformed data 
(Poisson uses non-logarithmic CPM) to ensure consistency in data representation 
among different input formats.

A major limitation of the glmnet library is that it does not offer a penalized Nega-
tive Binomial family implementation; instead, its closest alternative is Poisson regres-
sion. While Poisson regression can serve as an approximation for overdispersed count 
data under specific conditions, it inherently lacks the flexibility of a negative binomial 
model in accurately capturing the overdispersion characteristics typically observed 
in RNA-seq experiments. To overcome numerical instability in this context, glmnet 
employs a step-halving technique [77]. Although this approach enhances stability by 
adjusting the optimization step sizes in case of infinite gradient detection, it does not 
fully overcome divergence issues linked to the curvature of the second derivative of 
the loss function.

Notably, when running glmnet’s LASSO without incorporating prior information, 
the algorithm achieved a convergence rate of more than 95%, rendering it a useful 
reference model, especially in comparison to a much lower mpath convergence rates 
from Table 5. Any prior incorporation decreased this percentage under the 95% and it 
was decided not to bechmark them.

In contrast, the theoretical framework of Pi-GMIFS is designed to inherently solve 
these convergence issues without any numerical techniques. This theoretical advan-
tage becomes particularly critical in heterogeneous datasets where batch effects are 
significant and experimental evidence for novel RNA interactions, such as in the cir-
cRNA-miRNA setting, is scarce. The seemingly negligible difference in convergence 
rates increases with each additional few-sample RNA-seq experiment.

Another comparison concerns the SPONGE framework [78], which utilizes glm-
net configured with the Gaussian family. By processing log CPM values – similar to 
methodologies traditionally employed for microarray data – SPONGE avoids the con-
vergence challenges with count-based models. Despite this advantage, the Gaussian 
formulation sacrifices count-specific information from RNA-seq data, thereby reduc-
ing prediction accuracy. Thus, while SPONGE exhibits stability due to its reliance on 
a distribution that is less sensitive to divergence, this comes at the cost of losing the 
performance of RNA interaction modelling.

In addition to regression-based frameworks, we also evaluated several correlation-
based approaches implemented in the miRLAB R library [79]. These methods employ 
measures such as mutual information, Pearson’s/Spearman’s correlation coefficients, 
and z-score-based metrics to quantify the associations between RNA pairs. While 
the simplicity and interpretability of these correlation metrics offer an accessible 
means for preliminary exploration of RNA interactions, their inability to discrimi-
nate between direct and indirect regulatory effects within the complex RNA networks 
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reinforces the superiority of regression-based approaches in this context. Only the 
top 3 performance methods from miRLAB library were shown

Notably, all methods under evaluation – including the regression-based approaches 
and the correlation-based methods derived from the miRLAB R library-were executed 
using default parameter settings. In our experiments, we deliberately avoided exten-
sive hyperparameter fine-tuning, particularly regarding the tolerance and learning step 
hyperparameters in the GMIFS component of Pi-GMIFS. This decision ensures that any 
performance differences are attributable to the inherent characteristics of the algorithms 
rather than to parameter optimization.

The use of more advanced methods, whether the Bayesian methods that are based on 
MCMC sampling or posterior integral computation [26, 80, 81] suffer from the scalabil-
ity issue and could not model thousand of RNAs as needed in this context.

As summarized in Table 8, the performance of Pi-GMIFS is superior to all above-men-
tioned methods that are still runnable in the given setting.

circRNA‑miRNA inference assessed with GPACDA

To validate the correctness of the structural inference for circRNAs and assess its per-
formance on a clinically relevant task, GMIFS regression was applied in the circRNA 
functional annotation pipeline. The primary objective was to demonstrate that structure 
inference enhances the accuracy of automated circRNA-disease annotation. Again, the 
prior network is selected as the benchmark baseline to be surpassed.

circRNA‑miRNA inference by Pi‑GMIFS

Before the annotation process, the first step involved computing the circRNA-miRNA 
network via Pi-GMIFS, with the miRNA-mRNA subnetwork fixed to the experimentally 
validated TarBase v9. All circInteractome database entries were used as prior knowl-
edge, and 434 RNA-seq samples from the GEO database were used for structure infer-
ence. The selection of the optimal η hyperparameter was performed using the maximum 
test set likelihood. This approach mirrors the investigation in the miRNA-mRNA sec-
tion, where 434 RNA-seq samples (divided in a 95:5 ratio as mentioned in Sect. Regres-
sion framework) achieved the best performance in Synthetic-TargetScan prior with the 
test-set log-likelihood criterion.

After learning, the initial circInteractome network consisting of 55,148 interac-
tions between 3,009 circRNAs and 193 miRNAs was expanded into the GEO network 
with 153,171 interactions between 1,791 circRNAs and 2,336 miRNAs. As a result, the 
network became less dense per miRNA, despite the total increase in the number of 
interactions.

Network evaluation by GPACDA

After the learning process, the indirect evaluation procedure introduced in Sect.  Indi-
rect structure evaluation via disease annotation was run. To address network scarcity 
nuances, only 237 circRNAs that had at least one known disease annotation and were 
connected to at least one miRNA in the estimated network were annotated and evalu-
ated. In case when Pi-GMIFS returns an empty parent set for a non-empty prior set, the 
recommended procedure is to use the prior.
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The reached AUROCs

The results are presented in Fig.  6, which displays the annotation AUROCs obtained 
for the individual circRNAs from 9 different circRNA-miRNA subnetworks. The plot 
includes the prior network as well as the networks inferred using four different cri-
teria (AIC, BIC, train log-likelihood and test log-likelihood). The networks labelled 
(Prior+criterion) represent networks constructed by combining both prior interactions 
and edges generated by Pi-GMIFS under the specified criterion.

The main conclusion is that Pi-GMIFS, which maximizes the test set likelihood (the 
setting already recommended from the previous mRNA-miRNA experiment), generates 
networks that improve the quality of disease annotations with respect to the circInter-
actome prior. The mean AUROC increased from 0.70 to 0.72. The prior was surpassed 

Table 8  Summary of the performance comparison between Pi-GMIFS and alternative inference 
frameworks

For each input setup, Pi-GMIFS was proven to be superior with some criteria than all other frameworks. Pi-GMIFS criteria that 
surpassed all other frameworks are highlighted in bold, along with their corresponding F1-score. All values are rounded to 2 
digit precision
1 A previous result with 434 RNA-seq samples was taken with η = 0 only
2glmnet library’s Poisson LASSO computation resulted in 97% convergence rate, e.g., 940 out of 970 lambda 
hyperparameters converged in a given default maximum iteration limit. Notably, no mRNA had full non-convergence, thus, 
making this particular setup usable

Algorithm Prior Precision Recall F1

Pi-GMIFS, CPM, AIC1 No Prior 0.26 0.14 0.18

Pi-GMIFS, CPM, BIC1 No Prior 0.44 0.05 0.08

Pi-GMIFS, CPM, log-likelihood1 No Prior 0.23 0.20 0.22

Pi-GMIFS, CPM, test log-likelihood1 No Prior 0.22 0.22 0.22

Sponge/Gaussian Elastic glmnet No Prior 0.15 0.01 0.02

glmnet Poisson LASSO (AIC)2 No prior 0.21 0.16 0.18

glmnet Poisson LASSO (BIC)2 No prior 0.21 0.16 0.18

glmnet Poisson LASSO (logLik)2 No prior 0.21 0.16 0.18

glmnet Poisson LASSO (testLogLik)2 No prior 0.23 0.10 0.14

Mutual Information No prior 0.14 0.04 0.07

Z-Score No prior 0.15 0.05 0.08

Hoeffding No prior 0.15 0.05 0.07

Pi-GMIFS, CPM, AIC multiMiR 0.26 0.19 0.22
Pi-GMIFS, CPM, BIC multiMiR 0.40 0.05 0.09
Pi-GMIFS, CPM, log-likelihood multiMiR 0.25 0.25 0.25
Pi-GMIFS, CPM, test log-likelihood multiMiR 0.23 0.26 0.25
Sponge/Gaussian Elastic glmnet multiMiR 0.38 0.01 0.02

Mutual Information multiMiR 0.14 0.05 0.07

Z-Score multiMiR 0.14 0.05 0.07

Hoeffding multiMiR 0.14 0.05 0.07

Pi-GMIFS, CPM, AIC Synthetic-TargetScan 0.25 0.06 0.09

Pi-GMIFS, CPM, BIC Synthetic-TargetScan 0.42 0.02 0.04

Pi-GMIFS, CPM, log-likelihood Synthetic-TargetScan 0.22 0.09 0.13
Pi-GMIFS, CPM, test log-likelihood Synthetic-TargetScan 0.22 0.27 0.24
Sponge/Gaussian Elastic glmnet Synthetic-TargetScan 0.11 0.004 0.01

Mutual Information Synthetic-TargetScan 0.20 0.07 0.10

Z-Score Synthetic-TargetScan 0.20 0.07 0.10

Hoeffding Synthetic-TargetScan 0.20 0.07 0.10
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both when learning the structure from scratch and when extending the prior network. 
Consequently, the inference algorithm with this criterion successfully identified new 
interactions from the RNA-seq data that were not included in the prior set, and that are 
consistent with the existing knowledge on circRNA-disease associations.

Discussion
In the previous section, Pi-GMIFS was evaluated in two principled scenarios. First, 
we directly assessed the algorithm’s performance using RNA-seq data by comparing 
the inferred miRNA-mRNA interactions with experimentally validated interactions. 
We employed the TarBase v9 as the gold standard interaction dataset. We experimen-
tally confirmed that Pi-GMIFS improves with increasing RNA-seq sample size and it is 
important to collect a representative expression dataset. The minimum number of RNA-
seq samples required increases with the quality of the prior. When dealing with a well-
established interaction database such as MultiMiR, thousands of RNA-seq samples are 
needed. This suggests the practical applicability of the algorithm in real-world structure 
inference tasks. The given number of RNA-seq samples is undoubtedly available in pub-
lic expression databases, although their number may decrease with increasing demands 
for completeness in terms of the representation of different types of RNA. The RNA-seq 
datasets used in our experiments are publicly available, see Sect. Conclusion.

The inferior synthetic prior, which is an estimate of circRNA-miRNA TargetScan 
performance, demonstrated that the Pi-GMIFS algorithm can be effective even for the 
circRNA-miRNA component of the network. However, owing to the limited number 
of experimentally validated circRNA-miRNA interactions, we proposed an alternative 

Fig. 6  A distribution of AUROC values for 239 out of 469 circRNAs that have at least one edge in any 
non-prior criterion model. The networks are sorted according to the average AUROC. The bottom values 
correspond to the mean and standard deviation. The absence of edges reduces the AUROC to 0.5, as 
indicated by the median line in the leftmost sparse BIC network
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indirect testing approach for validation. This method allows researchers to assess the 
quality of predictions without relying on a direct ground truth network structure, par-
ticularly in more complex scenarios. The indirect testing approach involves evaluating 
the predictive performance of the estimated network within an RNA-disease functional 
annotation pipeline. The quality of disease prediction serves as an indirect metric to 
assess the structural accuracy of the network.

In terms of the second experimental scenario, we applied the Pi-GMIFS algorithm to 
a circRNA functional annotation task, where its performance efficiency was confirmed, 
as shown in Fig.  6. However, the algorithm’s coverage was limited, as only 239 out of 
469 circRNAs had at least one edge in the predicted network. On the other hand, the 
evaluation may have overestimated the quality of the circInteractome prior, since experi-
mental research often uses TargetScan to generate potential interaction candidates, as 
shown in Sect.  Experimentally validated circRNA-disease databases. Nevertheless, as 
demonstrated in the miRNA-mRNA experiment, an increase in sample size consistently 
improved performance and enhanced the statistical power of the interaction detection 
process.

The Pi-GMIFS algorithm effectively integrates prior knowledge and demonstrates its 
utility in large-scale RNA interaction networks. Our findings suggest that this enhanced 
algorithm offers a viable alternative to conventional in silico biochemical alignment 
methods, such as TargetScan, and has the potential to improve the performance of exist-
ing algorithms. Among the four evaluation criteria used (AIC, BIC, training log-likeli-
hood, and testing log-likelihood), the test log-likelihood exhibited the best performance.

Compared with similar studies, the authors of [80] used the zero-inflated version of the 
Negative Binomial distribution to model the correlation, not the log-linear distribution. 
Additionally, their number of samples was at a maximum of 200 in comparison to the 
400+ and 2,000+ samples used in our case. However, their approach has proven useful 
for use in transcription factor (TF) cases, where the amount of empirical evidence is as 
low as that in circRNA cases. Nevertheless, the correlation matrix approach, while being 
improved significantly, still has the drawback of being unable to distinguish between the 
direct and indirect effects of regulation [24, 81].

In [81], the authors proposed the use of variational inference to learn the approxima-
tion of the posterior distribution integral over all the parameters. Their approach was 
reported to outperform mpath [42] penalized regression, although it was shown in a 
specific time-series domain of Dynamic Bayesian networks, and is still reported to be 
used on the order of 40–50 nodes maximum. This limitation is not enough for the stud-
ied circRNA-miRNA-mRNA case.

Several extensions to the framework are planned, including batch correction to miti-
gate heterogeneity across multiple datasets, incorporation of advanced normalization 
techniques for predictor re-scaling, and the addition of a regularization term to the 
GMIFS optimization function to address multicollinearity, as in ElasticNet. Each of 
these modifications aims to address specific challenges encountered during the experi-
ments and could improve overall performance, potentially reducing the minimum sam-
ple size required to outperform a given prior threshold.

Additionally, a much deeper review of the prior quality collected from the TarBase 
v9, multiMiR and other databases is planned. Not only that different miRNA-mRNA 
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interactions are validated differently (directly or indirectly, via the protein products or 
via RNA itself, etc.), even the gold standard proof of the interaction is currently assumed 
to be a set of 2–3 experiments, every single one of which has a certain degree of uncer-
tainty and false positive chance. Consequently, the unreliable ground truth and differ-
ently weighted prior quality input is a planned direction for future work.

A broader direction for future research involves exploring cyclic pathways or, in cases 
with unknown topological ordering, inferring the dominant regulatory axis within cyclic 
networks or allowing for cycles in the model.

Conclusion
In this study, we introduced an extension of the GMIFS algorithm, termed Prior-incor-
porated GMIFS (Pi-GMIFS), which is designed to solve a penalized Generalized Linear 
Model (GLM) regression. The proposed GLM framework leverages both the count-
based nature of RNA-seq data used for target variables and the normalized values of 
parent RNAs used for predictor variables. The modified algorithm employs an iterative 
gradient approach and incorporates prior knowledge through response mixing [46], 
combining actual expression data with the estimated prior response.

We evaluated the Pi-GMIFS algorithm for RNA interaction refinement using RNA-seq 
data. Pi-GMIFS overcame the existing RNA interaction priors in terms of F1-score. Its 
performance improves with the amount of RNA-seq data, and our experiments demon-
strated that the algorithm is applicable in real world scenarios, such as those involving 
expression sample sizes currently available in public databases. Overall, Pi-GMIFS effec-
tively integrates prior knowledge and expression data, improving the reliability of both 
computationally predicted and experimentally validated ceRNA interaction databases.

Appendix A convergence criterion of Pi‑GMIFS algorithm

Algorithm 2  Additional GMIFS convergence criterion
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In contrast to the conventional penalized regression solution, such as the coordinate 
descent, the GMIFS algorithm is missing a global optimum criterion and requires a 
convergence criterion. In [45], the authors of countgmifs library introduced a simple 
criterion in which the difference between two successive log-likelihoods is smaller 
than a pre-specified tolerance τ . However, during the computations, the oscilla-
tion behavior of the algorithm was observed near the optimum. Because of this, an 
additional criterion of oscillation avoidance is introduced. It is based on a strategy 
in which either the algorithm expands the space by introducing an additional non-
zero coefficient variable, or it improves the maximum visited log-likelihood. If none 
of those are present in the sufficiently extensive number of iterations Imax , an oscilla-
tion or plateau is detected, and the algorithm is terminated. The alternative of adjust-
ing the step size, which is common for a deep learning field [82], has been found to 
increase the time complexity severely, thus remaining for future work. Therefore, a 
cuttoff strategy has been found to be more suitable.

This strategy is summarized in Algorithm 2.
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Appendix B proposed varying network statistic in GPACDA disease prediction
CircGPA/GPACDA [60] computes the score and p-value statistics for each circRNA-
disease pair based on the permutation of miRNA/mRNA annotations, assuming a fixed 
network structure. This method was originally designed as an annotation algorithm 
rather than a tool for network comparison. In contrast, our study focuses on network 
modifications, with annotations assumed to be experimentally validated and fixed. To 
address this requirement, we propose a modification of the annotation statistic from 
GPACDA [66] to account for the changes in the network.

The notation is preserved as in [60, 66] with a minor modification of indices. The 
am,c ∈ {0, 1}Nm×Nc is an adjacency matrix of the algorithm’s predicted circRNA-miRNA 
parent set:

Equivalently, Ar,m ∈ {0, 1}Nr×Nm is the adjacency matrix of the miRNA-mRNA parent 
set. For the simplification only the am,c is predicted and Ar,m is assumed to be validated, 
e.g. TarBase v9.

The RNAs are compared against the set of Nd diseases d = {d1, d2, ..., dNd } . In this 
study, a set of 60 diseases from [66] is used. Examples of these diseases are as follows: 
hepatocellular carcinoma, acute myeloid leukemia, Alzheimer’s disease, etc.

The RNA-disease mapping vector for miRNAs gm ∈ {0, 1}Nm×Nd , gm = (gm
1
, ..., gm

Nm
) 

is defined as:

Equivalently, gr ∈ {0, 1}Nr×Nd and gc ∈ {0, 1}Nc×Nd are mapping vectors defined for 
mRNA-disease and circRNA-disease entries. For the remainder of the section the nota-
tion is simplified to gm = gm(dj) , e.g., the formula below is to be repeated for each dis-
ease dj and each circRNA ci.

First – the statistic value (see Eq. B3) remains the same as in [60], as it represents the 
number of paths that connect a given circRNA ci with RNAs with annotations of a par-
ticular disease term dj . The network is given as am,c,Ar,m and known miRNA/mRNA 
associations gm, gr.

Next, we define a p-value of this statistic as the probability that a random circRNA-
miRNA network part am,c

i  of the same size ‖am,c
i ‖1 with the same miRNA/mRNA vali-

dated annotations gm, gr and with the same fixed miRNA-mRNA network Ar,m reaches 
the same statistic value s(ci, aµ,ci) or higher. Similar to [60], this means that the null 
hypothesis is that among all circRNA-miRNA networks of a given size, a circRNA ci 
has no preference in interactions with miRNAs (or mediated interactions with mRNAs) 
annotated with disease dj . The alternative hypothesis states that circRNA ci should be 
annotated with disease dj as it is overrepresented in the network.

This definition can be denoted as in Eq. B4.

(B1)am,c
i,j =

{
1, ifmi ∈ Pa(cj)
0, otherwise

(B2)

gm
k
(dj) =

{
1, ifmk has an experimental evidence of association with disease dj

0, otherwise

(B3)s(ci, am,c
i ) = (am,c

i )Tgm + (am,c
i )T (Ar,m)Tgr .
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where s‖am,c
i ‖1

 is a statistic of a random ci-miRNA network of size ‖am,c
i ‖1.

Consequently, the expected statistic value is now calculated differently as shown in 
Eq. B5.

which can be solved analytically as in Eq. B6.

To compute a particular p-value for a given network am,c
i  , we can transform it into the 

same problem as in [60]. To show this, let us first rewrite the statistic from Eq. B3 to the 
form given in Eq. B7.

It could be noted that the entire right term in square brackets is independent of am,c
i  

choice and could be calculated once. Let us denote it as s(Ar,m, gm, gr) in Eq. B8.

Now, the entire problem is reduced to a vector dot product and the term am,c
i  is a binary 

vector. The key for a transformation here is the observation that swapping the am,c
i  and 

s(Ar,m, gm, gr) terms in interpretation, this equation is actually the same as the mRNA 
part of the p-value computation in [60]. Consequently, to compute a p-value, we can use 
circGPA-implemented probability-generating polynomials as in Eq. B9.

By repeating the p-value computation for every dj and ci , we can compute a p-value 
probability of every disease-circRNA pair given the predicted network am,c . The remain-
ing part is to compare the p-value to the validated ground-truth 0/1 value gci (dj).

Appendix C evaluation of eta hyperparameter impact on model performance

Understanding the role and behavior of the mixing parameter η is critical to interpreting 
the performance of the Pi-GMIFS framework. To investigate this, we performed a series 
of experiments assessing how η influences the model’s structure inference capabilities 
across various prior types and sample sizes. The results are presented in the form of sen-
sitivity (recall), precision and prior usage analysis plots, shown in Figs. 7, 8 and 9.

(B4)pvalue�am,c
i �1

(s(ci, am,c
i )) = P(s�am,c

i �1
≥ s(ci, am,c

i ))

(B5)
E

(
s(ci, am,c

i )

)
=

1(
Nm

�am,c
i �1

)
∑

a
m,c
i

[
(am,c

i )Tgm + (am,c
i )T (Ar,m)Tgr

]

(B6)E

(
s(ci, am,c

i )

)
=

�am,c
i �1

Nm

[
gm + (Ar,m)Tgr)

]

(B7)s(ci, am,c
i ) = (am,c

i )T
[
gm + (Ar,m)Tgr

]

(B8)s(ci, am,c
i ) = (am,c

i )T s(Ar,m, gm, gr)

(B9)pvalue�am,c
i �1

(s(ci, am,c
i )) =

(
genpoly[gm+(Ar,m)T gr](x, y) | y

�a
m,c
i �1

)
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To simplify interpretation, we applied a global η selection strategy, where a single con-
stant η value was used uniformly across all mRNAs. This contrasts with the primary for-
mulation of the algorithm in the preceding Sect. 4, which used a local selection approach, 
optimizing η individually for each mRNA. While local selection consistently achieves 
slightly higher F1-scores due to its flexibility, the globally fixed η yields performance that 

Fig. 7  Sensitivity (recall), precision and prior analysis of the mixing parameter η in the MultiMiR prior 
experiment with 434 RNA-seq samples. Each panel illustrates the effect of varying η (x-axis) on key 
performance metrics: percentage of prior interactions used in non-zero coefficients (left), precision 
(middle-left), recall (middle-right), and F1-score (right). Colored lines represent metric values computed for 
each globally fixed η value. Diamond markers indicate the η selected by global optimization under different 
Pi-GMIFS selection criteria: BIC (red), AIC (yellow), training log-likelihood (green), and test log-likelihood 
(purple). This analysis demonstrates the robustness and interpretability of η across performance and model 
selection objectives

Fig. 8  Sensitivity (recall), precision and prior analysis of the mixing parameter η in the Synthetic-TargetScan 
prior experiment with 434 RNA-seq samples
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is only marginally lower. Given the observed variability of optimal η values across differ-
ent mRNAs, the strong performance of the global setting indicates a degree of robust-
ness in η selection. That is, while per-mRNA optimization can enhance results, a single, 
globally chosen η is sufficient to deliver competitive performance at scale.

Moreover, even under the global η setting, it was possible to approximate the behav-
ior of the algorithm’s automatic η selection mechanism across individual mRNAs. 
Specifically, for each fixed global η value, we computed the aggregate values of the 
four selection criteria – AIC, BIC, training log-likelihood, and test log-likelihood-by 
summing the respective scores across all mRNAs. The η corresponding to the optimal 
aggregate score for each criterion was then identified and marked as a representa-
tive point on the sensitivity plots. This approach provides insight into how different 
selection metrics influence η preference on a global scale, complementing the local-
ized per-mRNA optimization used previously.

A second key observation is that the mixing parameter behaves as theoretically 
expected: the proportion of prior interactions included in the final model generally 
increases with higher η values, as seen in left plot with prior edge percentage metric. 
Although the relationship between η and performance metrics – such as precision, 
recall, and F1-score – is not strictly monotonic, a consistent pattern emerges across 
experiments. Specifically, lower η values tend to be favored when the prior knowl-
edge is less precise (e.g., the synthetic TargetScan-derived prior), whereas higher η 
values are selected when working with more accurate priors, such as MultiMiR. This 
supports the intended interpretation of η as a soft control over the influence of prior 
information, proving the stated effectiveness and robustness of the pLASSO’s [46] 
robust prior incorporation technique.

Interestingly, increasing the RNA-seq sample size in the MultiMiR experiments did 
not lead to a reduction in the selected η values, contrary to initial expectations. One 

Fig. 9  Sensitivity (recall), precision and prior analysis of the mixing parameter η in the MultiMiR prior 
experiment with 2092 RNA-seq samples



Page 32 of 35Anuarbekov and Kléma ﻿BMC Bioinformatics          (2025) 26:139 

possible explanation is that the added samples contribute more to the identification 
of new interactions rather than diminishing the relative importance of existing prior 
knowledge, as seen in Fig. 9 in contrast to Fig. 7.

Finally, the analysis reveals that in some cases, the selected η may not be optimal, sug-
gesting that more refined or adaptive tuning strategies could further improve the algo-
rithm’s performance. These findings open avenues for future exploration, including 
dynamic η estimation procedures and the integration of prior quality assessment directly 
into the selection mechanism.
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