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Abstract: Determining the relationships between miRNA expression, target genes, and
cancer development is critical to cancer research. The possibility of correlating miRNA
expression with plant or artificial ones provides prerequisites for cancer treatment. Based
on the broad database of human miRNA expression for all cancer types, we grade hu-
man miRNAs by their expression level. The identified deficient miRNAs are compared
with their target genes for coincidences in their expression directions. The replacement
of human miRNAs is proposed to be implemented, using plant miRNAs closest to the
human-deficient ones. Such plant substitutes are identified by analyzing the average com-
plementarity of all human under-expressed miRNAs. It was established that the number
of downregulated miRNAs is almost 2.5 times greater than that of upregulated miRNAs.
There is no significant correlation between the expression of miRNA and genes, implying
many other expression regulation mechanisms exist. Working on the organization of exper-
imental verification of the obtained statistical studies, we present significant regularities
that provide grounds for considering some plant microRNAs as possible means of com-
pensating for insufficient expression of regulatory microRNAs in humans and animals in a
wide range of oncological diseases.

Keywords: miRNA expression; cancer treatment; statistical complementarity; plant miRNAs

1. Introduction
miRNAs are short RNAs that play an important role in post-transcriptional gene

regulation. Their expressions can change constantly under the influence of various factors,
such as, for example, the presence of a disease [1–3] or microbial infections [4]. One idea
is to regulate the progression of the disease through the regulation of gene and miRNA
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expressions. There are more than 3000 different miRNAs in the human body. Their
expressions change dynamically depending on various factors and signals that affect the
cells. Controlling the regulation of specific miRNAs is complex and does not give hope for
their successful use because one miRNA can have more than a hundred target genes.

Recent studies have shown that specific miRNAs can be biomarkers for cancer diag-
nosis and prognosis [5]. For example, three miRNAs predicts the risk of colorectal cancer
predicts the risk of colorectal cancer that helps predict the risk of colorectal cancer, which
has been identified and significantly improve the prognostic performance of baseline mod-
els [6]. Other studies have shown that increased expression of miRNA-146a in chronic
hepatitis can impair T cell activity, which contributes to the progression of liver cancer [7].
In addition, miRNAs can be used as therapeutic targets. For example, therapies aimed
at inhibiting oncogenic miRNAs or inducing tumor suppressors have shown efficacy in
cancer treatment [8].

Plant miRNAs are often more structurally stable, target mRNA with near-perfect com-
plementarity, and primarily regulate genes involved in stress responses and development.
In contrast, human miRNAs typically bind their targets partially, influencing a broader
array of processes such as immune responses, neuroplasticity, and cancer progression. Stud-
ies like [9–13] highlight these distinctions, underscoring the specialized roles of miRNAs
across species and their relevance in health and disease contexts.

Some studies have explored the potential of plant-derived microRNAs (miRNAs) as
therapeutic agents for human diseases, including cancer. Research indicates that dietary
intake of plant miRNAs can influence human health by modulating gene expression. For
instance, a review published in Frontiers in Genetics discusses how plant miRNAs can
regulate human gene expression, suggesting their potential as therapeutic agents [14].
Additionally, a study in Scientific Reports demonstrated that plant miRNAs can regulate
the expression of key human cancer-related genes in vitro, highlighting their potential role
in cancer therapy [10]. Furthermore, research in Frontiers in Genetics indicates that plant
miRNAs can reduce cancer cell proliferation by targeting specific genes, suggesting their
potential as anti-cancer agents [15].

Considering the evolution of microRNA in all living organisms, another issue is that
many miRNAs may have common functions. For plants, more than 80–90% similarity
is required for mutual replacement of miRNAs, while 50% can be enough for animal or-
ganisms [15,16]. A study published in eLife indicates that while miRNA targets are often
recognized through pairing between the miRNA seed region and complementary sites within
target mRNAs, not all of these canonical sites are equally effective. Both computational and
in vivo UV-crosslinking approaches suggest that many mRNAs are targeted through non-
canonical interactions. However, the study also notes that recently reported non-canonical
sites do not mediate repression despite binding the miRNA, indicating that the vast majority
of functional sites are canonical [17]. Additionally, research published in Nucleic Acids
Research discusses how most miRNAs are only partially complementary to their target
sequences, and full or even majority complementarity is not necessary for effective gene
silencing [18]. In this sense, it is necessary to analyze the complementarity of specific miRNAs
with all others for the complete set of human miRNAs. Also, an important aspect is the
use of plant miRNAs to regulate the expression of human miRNAs, because they are more
accessible, compared to the creation of artificial ones or the extraction of animal ones.

Using these premises, it can be concluded that by establishing the appropriate inter-
dependencies between human and plant miRNAs, as well as target genes, it is possible
to identify plant miRNAs that can be used to replace human ones and, thus, correct the
development of cancer or treat the organism. Also, the use of these correlations allows for
the identification of important genes and human genes that need to be regulated in other
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ways and allows for the establishment of new hypotheses and the establishment of new
directions of scientific research. We propose to use a statistical approach to classify miRNAs
and their target genes according to their experimental characteristics. It was observed that
the number of strongly under-expressed miRNAs significantly exceeds the number of over-
expressed ones. However, no overall correlation was found between the expression levels
of target genes and miRNAs. Despite this, specific correlations were identified for certain
miRNAs and their target genes. Additionally, the potential for utilizing plant miRNAs to
regulate and compensate for human miRNAs, along with the selection methods for this
purpose, was explored.

2. Materials and Methods
The database [19] was used as a basis, in which the expression of miRNAs in various

types of cancer and in various conditions are presented. The dbDEMC 3.0 database
contains 158,196 records of miRNA expression in human cancer under various experimental
conditions (see link for details). All data were used, and the possibility of establishing any
correlations between all parameters in the database was studied—primarily the correlation
between miRNA sequence and expression level. The data types are as follows: cancer
type (most existing types), cancer subtype, cell type, experiment type (cancer vs. normal;
high grade vs. low grade; subtype1 vs. subtype2; blood, etc.), logFC, average expression,
statistical values, status (direction of expression—up/down). Information on miRNA
sequences was taken from the miRBase database [20]. The database [21] of gene expression
in various cancers and the database of target genes and miRNAs [22] were used to calculate
statistical correlations. The OncoDB database contains 414,934 records for 20 cancer types
with information on gene expression in the presence of these diseases. Data on logarithms
of change in expression depending on the cancer type and gene were used. The miRTarBase
database contains 1,048,575 records on the existence of relationships between miRNAs
and target genes, which have been established experimentally. Information about these
relationships was used directly.

For calculation of the main statistic parameter div, the following formula was used:

div =
(

numo fdown
− numo fup

)
/
(

numo fdown
+ numo fup

)
(1)

where numo fdown
—the number of experiments in which this miRNA is downregulated, and

numo fup —the number of experiments in which this miRNA is upregulated.
A fully connected artificial neural network based on tensor flow with three layers,

with 35 internal neurons, was used. The input data were experimental conditions type and
miRNA sequences. Preprocessing was performed using character-by-character encoding for
miRNA, one hot for experimental conditions type, and numerical encoding for expression.
We performed training and testing. The division into bulk and test datasets was performed
with a 70/30 ratio. Additional information about pre-miRNA was also added, which did
not give significant additional accuracy (+3–4%).

Figure 1 shows a block diagram of calculations to establish possible correlations. The
dbDEMC 3.0 database is used to classify expressions with magnitude. Target genes are
obtained from miRTarBase and their expressions from OncoDB. Sorting by the magnitude
of expression by genes and miRNAs and by Formula (1). Comparison with plant miRNAs
based on local and global complementarity (plant miRNA sequences are obtained from the
PMRD database) [23]. Sorting by average complementarities between human and plant
miRNAs and establishing useful plant miRNAs for regulating human expression in cancer.

For all statistical calculations, analysis, sorting, and displaying results, we used soft-
ware developed by our team using popular Python libraries on PyCharm IDE 2022.1.
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and plant miRNAs, as well as genes.

3. Results
3.1. Statistical Analysis of miRNA Expression

To establish dependence, an artificial neural network was used to predict miRNA
expression based on various parameters—miRNA sequence, experimental conditions, type
of cancer, etc. It was established that the accuracy of predicting the direction of expression
(“up” or “down”) does not exceed 75% (±5 percent for various input parameters), which
means that the dependence is present, but not complete (that is, there is information that is
not taken into account, for example, genetic differences of individuals, and so on) [5].

This 25% of information can be partially clarified. The use of artificial intelligence is not
effective in determining the exact source expression using only sequence information and
experimental conditions. This means that the information that determines the expression
of this miRNA does not depend only on the sequence. Other information can be the type
of cancer, the type of cell, biological/medical indicators at the time of expression control,
etc. Thus, only approximate information about expression can be used to analyze the
dependencies between miRNA and cancer. We use a statistical approach to determine
these dependencies and determine the possibility of establishing a correlation between
genes, miRNAs, and the corresponding expressions. The machine learning method allows
us to establish the presence of a correlation, and the statistical approach allows us to
sort and establish a distribution according to quantitative characteristics—the number
of experimental data and the number of experiments in which the direction/strength of
expression is different (1). A statistical approach helps establish dependencies that can be
used to identify a specific set of human miRNAs that tend to be up/down expressed.

As can be seen from Formula (1), the dependence of miRNA expression in the presence
of a disease depends on the number of experiments in which it was measured and on the
direction of expression (up or down). After that, it is possible to sort all metrics by div
indicator and by the number of experiments. The miRNAs with the highest number of
experiments, the largest and the smallest div should be examined in more detail and used
to find target genes as well as plant substitutes for these miRNAs—Figure 2.

It was established that the number of downregulated miRNAs is almost 2.5 times
greater than that of upregulated miRNAs. Given that the number of over-expressing and
under-expressing miRNAs is nearly the same the quantitative characteristics of div and the
number of experiments (reliability of mean expression) are not considered.
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Figure 2. The graph of the distribution of unit miRNA depends on the number of experiments (X-axis)
and membership ratio—“div” (Y-axis). The miRNA points for which the number of experiments does
not exceed five are not shown (the number of all human 3171 miRNAs is reduced to 2607) [19].

3.2. Dependence of miRNA Expression Statistics on Gene Expression Statistics

Each miRNA can have more than a hundred target genes. This means that by analyzing
their statistical expressions, it is possible to assert the up/down expression of a specific
set of genes. By analyzing the database [21] of gene expression in various cancers and the
database of target genes and miRNAs [22], it is possible to compare the effect of miRNAs on
target genes. Using the div parameter, but instead of the number of experiments, substitute
the number of subject miRNAs (those targeting this gene/genes) and sorting by div and
by the number of these miRNAs for each gene, we will establish a set of genes that are
dependent on miRNA expression—Figure 3.
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Figure 3. Location of genes according to mean logarithmic expression (mean_logFC—parameter was
calculated as the mean value across all cancers for that individual gene) for all types of cancer and
parameter (mean_div) based on miRNA expressions. The 50 most distant genes from the center are
shown here as an example, although the number of interesting genes is not limited to this number.
Each quarter represents a separate piece of information. The first is upregulated miRNAs (for
these genes) and under-expressed genes. The second—downregulated miRNA, but overexpressed
genes. The third is upregulated miRNA, but under-expressed genes. The fourth is upregulated
miRNAs and under-expressed genes. Those genes (points) that are closer to zero by mean logFC
have zero expression.
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It was established that there is no significant correlation between the expression of
miRNA and genes, which means that there are a large number of other mechanisms of
expression regulation. By comparing these expressions and target genes, it is possible to
establish where their behavior coincides and, thus, select only those miRNAs or their sets
from those that have already been sorted beforehand. We are most interested in genes for
which the div coefficient is positive. They represent greater practical significance than those
genes for which div is negative because it is more difficult to change the concentration of
upregulated miRNAs than the concentration of downregulated ones.

3.3. Establishing Plant miRNAs to Compensate for Human Ones

For each plant miRNA, one needs to calculate the average complementarity with
all human miRNAs that have a clear trend of up/down expression and have similar
target genes in the trend. Two numbers can be fixed for each plant miRNA—the average
complementarity with upregulated and downregulated human miRNAs. After sorting
all plant miRNAs according to these parameters, we will obtain a specific set that can be
important in the compensation processes of downregulated miRNAs in the presence of
cancer such as osa-miRf10192, ptc-miRf10867, and ath-miRf11181.

On the other hand, a large number of plant miRNAs are on average complementary
to human upregulated ones such as osa-miRf11782-akr, gma-miR4396, and zma-miR156r.
Therefore, sorting by both parameters is required (the highest average complementarity
with downregulated and the lowest with upregulated miRNAs). Most plant miRNAs were
found to have the same average complementarity as under-expressed and overexpressed
human miRNAs. Only 5% of all plant miRNAs have a difference in mean complementarities
greater than 10%. This suggests that it makes no sense to use specific plants at the expense
of miRNA, since the miRNA contained in them will compensate for each other. On the
other hand, the concentration of various miRNAs can vary greatly depending on growing
conditions, land, etc.

4. Discussion
This work analyzes the process of selecting human-critical miRNAs that need to

be investigated in more detail compared to others based on a statistical approach. By
regulating a specific set of miRNAs, it is possible to regulate the course of the disease. Since
in the presence of cancer, a large number of miRNAs are under-expressed or overexpressed,
the question arises as to which miRNAs need to be regulated and how.

It is important to note that in the process of researching the accuracy of prediction
using a universal approximator in the form of a neural network, we are unable to predict
the expression of human miRNA depending on its nucleotide sequence [8]. More precisely,
a prediction with an error is sufficient to call into question the possibility of its practical
use. There is a high probability that the name miRNA is not only the sequence of miRNA
but a set of other parameters that essentially characterize the expression of miRNA. What
parameters can these be? Adjacent substances that are involved only in mechanisms
specific to specific miRNAs. Output and input structures are characterized by specific
measures and are not common to all. It is worth noting that approximately the same error
is observed when analyzing the statistical data of miRNA expression. As the number of
miRNA expression experiments increases, the mean expression value approaches zero.
This may also be the reason for the study of not very informative miRNAs from the point
of view of oncological mechanisms. It is necessary to pay attention to miRNAs for which,
even with 40–50 experiments under different conditions in different types of tissues, and
for different diseases, the direction of expression is observed to be stable.
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Regulation of human miRNAs, which are in insufficient quantity in the body, is a
more promising direction of development because methods of replacing human miRNAs
with miRNAs that have arrived from the outside are a simpler means than reducing the
concentration of miRNAs in an excessive amount. On the other hand, a decrease in miRNA
concentrations can create a negative effect, because of a possible protective reaction of
the body. Still, it can be in reverse, since in most cases the body cannot cure cancer on
its own without external influence, and, therefore, the defensive system does not work,
and a change in miRNA concentrations in the blood has to be more of a positive influence
than a negative one. Individual miRNAs can be created artificially to obtain the highest
average complementarity with human-critical miRNAs. Still, at the same time, the process
of creating these miRNAs is costly when plant variants are more available.

It is worth remembering that the complementarity of 50%, which is sufficient for inter-
changeable activity, is determined to a different extent for different specific human miRNAs.
Also, these values may vary depending on different conditions—depending on the organ-
ism, health status, etc. Further studies (for example, experimental observation for a large
number of experiments to establish the average value of the required complementarity for
each specific miRNA) are necessary to determine and test hypotheses.

5. Conclusions
A statistical approach to the analysis of miRNA expressions and the expressions of their

target genes is proposed. It was established that the number of strongly under-expressed
miRNAs is several times greater than overexpressed ones. On the other hand, no global
correlation was established between the expression of target genes and miRNA. However,
certain correlations are present for some miRNAs and target genes. The possibility of using
and the method of selection of plant miRNAs for regulation and compensation of human
ones is analyzed.

Author Contributions: All the authors contributed to the manuscript. Methodology and validation,
M.Z., V.C., P.K., M.M. and D.K.; formal analysis, V.C., M.M., R.B., F.M.Z., S.M. and D.K.; investigation,
M.Z, V.C. and M.M.; data curation, M.Z., V.C., M.M., P.K. and D.K.; calculation, M.Z. and P.K.;
writing—original draft preparation, M.Z. and D.K.; writing—review and editing, M.Z. and D.K.;
supervision, M.Z., V.C., M.M. and D.K. All authors have read and agreed to the published version of
the manuscript.

Funding: This research received no external funding.

Data Availability Statement: Databases that were used in their original form are available at the
links indicated in the work. Generated datasets used and analyzed during the current study are
available from the corresponding author upon reasonable request.

Acknowledgments: The authors are grateful for the partial support in writing the chapter in the
context of the KATY project of the Horizon 2020 research and innovation program of the European
Union, under grant agreement No. 101017453.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Pottoo, F.H.; Iqubal, A.; Iqubal, M.K.; Salahuddin, M.; Rahman, J.U.; AlHajri, N.; Shehadeh, M. miRNAs in the Regulation of Cancer

Immune Response: Effect of miRNAs on Cancer Immunotherapy. Cancers 2021, 13, 6145. [CrossRef] [PubMed] [PubMed Central]
2. Cui, M.; Wang, H.; Yao, X.; Zhang, D.; Xie, Y.; Cui, R.; Zhang, X. Circulating MicroRNAs in Cancer: Potential and Challenge.

Front. Genet. 2019, 10, 626. [CrossRef] [PubMed] [PubMed Central]
3. Schetter, A.J.; Heegaard, N.H.; Harris, C.C. Inflammation and cancer: Interweaving microRNA, free radical, cytokine and p53

pathways. Carcinogenesis 2010, 31, 37–49. [CrossRef] [PubMed] [PubMed Central]

https://doi.org/10.3390/cancers13236145
https://www.ncbi.nlm.nih.gov/pubmed/34885253
https://pmc.ncbi.nlm.nih.gov/articles/PMC8656569
https://doi.org/10.3389/fgene.2019.00626
https://www.ncbi.nlm.nih.gov/pubmed/31379918
https://pmc.ncbi.nlm.nih.gov/articles/PMC6656856
https://doi.org/10.1093/carcin/bgp272
https://www.ncbi.nlm.nih.gov/pubmed/19955394
https://pmc.ncbi.nlm.nih.gov/articles/PMC2802675


Curr. Issues Mol. Biol. 2025, 47, 42 8 of 8

4. Minutolo, A.; Potestà, M.; Roglia, V.; Cirilli, M.; Iacovelli, F.; Cerva, C.; Fokam, J.; Desideri, A.; Andreoni, M.; Grelli, S.; et al. Plant
microRNAs from Moringa oleifera Regulate Immune Response and HIV Infection. Front. Pharmacol. 2021, 11, 620038. [CrossRef]
[PubMed] [PubMed Central]

5. Koroliouk, D.; Mattei, M.; Zoziuk, M.; Montesano, C.; Bernardini, R.; Potestà, M.; Wondeu, L.D.; Pirrò, S.; Galgani, A.; Colizzi, V.
Artificial Intelligence and MicroRNA: Role in Cancer Evolution. In Digital Ecosystems: Interconnecting Advanced Networks with
AI Applications; Luntovskyy, A., Klymash, M., Melnyk, I., Beshley, M., Schill, A., Eds.; TCSET 2024; Lecture Notes in Electrical
Engineering; Springer: Cham, Switzerland, 2024; Volume 1198, pp. 229–254. [CrossRef]

6. Liu, J.; Chen, B.; Yang, M.; Qian, Y.; Shen, Q.; Chen, H.; Dong, Y.; Wang, L.; Jiao, J. A three-plasma miRNA panel predicts the risk
of colorectal cancer: A community-based nested case-control study. Sci. Rep. 2023, 13, 4196. [CrossRef]

7. Shabanov, P.D.; Vashchenko, V.I. Biological role of miRNA-146a at virus infections. Modern strategy of search of new safe
pharmacological agents for treatment. Rev. Clin. Pharmacol. Drug Ther. 2021, 19, 145–174. [CrossRef]

8. Menon, A.; Abd-Aziz, N.; Khalid, K.; Poh, C.L.; Naidu, R. miRNA: A Promising Therapeutic Target in Cancer. Int. J. Mol. Sci.
2022, 23, 11502. [CrossRef] [PubMed] [PubMed Central]

9. Díez-Sainz, E.; Milagro, F.I.; Aranaz, P.; Riezu-Boj, J.I.; Lorente-Cebrián, S. MicroRNAs from edible plants reach the human
gastrointestinal tract and may act as potential regulators of gene expression. J. Physiol. Biochem. 2024, 80, 655–670. [CrossRef]
[PubMed]

10. Yang, L.; Feng, H. Cross-kingdom regulation by plant-derived miRNAs in mammalian systems. Anim Models Exp Med. 2023, 6,
518–525. [CrossRef]

11. Miskiewicz, J.; Tomczyk, K.; Mickiewicz, A.; Sarzynska, J.; Szachniuk, M. Bioinformatics Study of Structural Patterns in Plant
MicroRNA Precursors. BioMed Res. Int. 2017, 2017, 6783010. [CrossRef]

12. Samad, A.F.A.; Kamaroddin, M.F.; Sajad, M. Cross-Kingdom Regulation by Plant microRNAs Provides Novel Insight into Gene
Regulation. Adv. Nutr. 2021, 12, 197–211. [CrossRef] [PubMed] [PubMed Central]

13. Miskiewicz, J.; Szachniuk, M. Discovering Structural Motifs in miRNA Precursors from the Viridiplantae Kingdom. Molecules 2018,
23, 1367. [CrossRef]

14. Li, D.; Yang, J.; Yang, Y.; Liu, J.; Li, H.; Li, R.; Cao, C.; Shi, L.; Wu, W.; He, K. A Timely Review of Cross-Kingdom Regulation of
Plant-Derived MicroRNAs. Front. Genet. 2021, 12, 613197. [CrossRef]

15. Marzano, F.; Caratozzolo, M.F.; Consiglio, A.; Licciulli, F.; Liuni, S.; Sbisà, E.; D’Elia, D.; Tullo, A.; Catalano, D. Plant miRNAs
Reduce Cancer Cell Proliferation by Targeting MALAT1 and NEAT1: A Beneficial Cross-Kingdom Interaction. Front. Genet. 2020,
11, 552490. [CrossRef] [PubMed]

16. Zhu, R.; Zhang, Z.; Li, Y.; Hu, Z.; Xin, D.; Qi, Z.; Chen, Q. Discovering Numerical Differences between Animal and Plant
microRNAs. PLoS ONE 2016, 11, e0165152. [CrossRef] [PubMed] [PubMed Central]

17. Agarwal, V.; Bell, G.W.; Nam, J.W.; Bartel, D.P. Predicting effective microRNA target sites in mammalian mRNAs. eLife 2015,
4, e05005. [CrossRef] [PubMed] [PubMed Central]

18. Kilikevicius, A.; Meister, G.; Corey, D.R. Reexamining assumptions about miRNA-guided gene silencing. Nucleic Acids Res. 2022,
50, 617–634. [CrossRef] [PubMed]

19. Xu, F.; Wang, Y.; Ling, Y.; Zhou, C.; Wang, H.; Teschendorff, A.E.; Zhao, Y.; Zhao, H.; He, Y.; Zhang, G.; et al. dbDEMC 3.0:
Functional exploration of differentially expressed miRNAs in cancers of human and model organisms. Genom. Proteom. Bioinform.
2022, 20, 446–454. [CrossRef]

20. Griffiths-Jones, S.; Grocock, R.J.; van Dongen, S.; Bateman, A.; Enright, A.J. miRBase: microRNA sequences, targets and gene
nomenclature. Nucleic Acids Res. 2006, 34, D140–D144. [CrossRef] [PubMed] [PubMed Central]

21. Tang, G.; Cho, M.; Wang, X. OncoDB: An interactive online database for analysis of gene expression and viral infection in cancer.
Nucleic Acids Res. 2022, 50, D1334–D1339. [CrossRef] [PubMed] [PubMed Central]

22. Huang, H.Y.; Lin, Y.C.; Li, J.; Huang, K.Y.; Shrestha, S.; Hong, H.C.; Tang, Y.; Chen, Y.G.; Jin, C.N.; Yu, Y.; et al. miRTarBase
2020: Updates to the experimentally validated microRNA-target interaction database. Nucleic Acids Res. 2020, 48, D148–D154.
[CrossRef] [PubMed] [PubMed Central]

23. Zhang, Z.; Yu, J.; Li, D.; Zhang, Z.; Liu, F.; Zhou, X.; Wang, T.; Ling, Y.; Su, Z. PMRD: Plant microRNA database. Nucleic Acids Res.
2010, 38 (Suppl. S1), D806–D813. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3389/fphar.2020.620038
https://www.ncbi.nlm.nih.gov/pubmed/33643043
https://pmc.ncbi.nlm.nih.gov/articles/PMC7905167
https://doi.org/10.1007/978-3-031-61221-3_11
https://doi.org/10.1038/s41598-023-31449-3
https://doi.org/10.17816/RCF192145-174
https://doi.org/10.3390/ijms231911502
https://www.ncbi.nlm.nih.gov/pubmed/36232799
https://pmc.ncbi.nlm.nih.gov/articles/PMC9569513
https://doi.org/10.1007/s13105-024-01023-0
https://www.ncbi.nlm.nih.gov/pubmed/38662188
https://doi.org/10.1002/ame2.12358
https://doi.org/10.1155/2017/6783010
https://doi.org/10.1093/advances/nmaa095
https://www.ncbi.nlm.nih.gov/pubmed/32862223
https://pmc.ncbi.nlm.nih.gov/articles/PMC7850022
https://doi.org/10.3390/molecules23061367
https://doi.org/10.3389/fgene.2021.613197
https://doi.org/10.3389/fgene.2020.552490
https://www.ncbi.nlm.nih.gov/pubmed/33193626
https://doi.org/10.1371/journal.pone.0165152
https://www.ncbi.nlm.nih.gov/pubmed/27768749
https://pmc.ncbi.nlm.nih.gov/articles/PMC5074594
https://doi.org/10.7554/eLife.05005
https://www.ncbi.nlm.nih.gov/pubmed/26267216
https://pmc.ncbi.nlm.nih.gov/articles/PMC4532895
https://doi.org/10.1093/nar/gkab1256
https://www.ncbi.nlm.nih.gov/pubmed/34967419
https://doi.org/10.1016/j.gpb.2022.04.006
https://doi.org/10.1093/nar/gkj112
https://www.ncbi.nlm.nih.gov/pubmed/16381832
https://pmc.ncbi.nlm.nih.gov/articles/PMC1347474
https://doi.org/10.1093/nar/gkab970
https://www.ncbi.nlm.nih.gov/pubmed/34718715
https://pmc.ncbi.nlm.nih.gov/articles/PMC8728272
https://doi.org/10.1093/nar/gkz896
https://www.ncbi.nlm.nih.gov/pubmed/31647101
https://pmc.ncbi.nlm.nih.gov/articles/PMC7145596
https://doi.org/10.1093/nar/gkp818
https://www.ncbi.nlm.nih.gov/pubmed/19808935

	Introduction 
	Materials and Methods 
	Results 
	Statistical Analysis of miRNA Expression 
	Dependence of miRNA Expression Statistics on Gene Expression Statistics 
	Establishing Plant miRNAs to Compensate for Human Ones 

	Discussion 
	Conclusions 
	References

