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Abstract

Introduction: In the past decade, microRNAs (miRNAs), which are small, noncoding RNAs of ~22 nucleotides
length, have gained attention as novel engineering tools for biopharmaceutical cell line development. As
miRNAs provide the ability to fine-tune the regulation of their targets, they offer attractive options for the devel-
opment of differentially glycosylated monoclonal antibodies (mAbs) in production hosts like Chinese hamster
ovary (CHO) cells. However, as one miRNA can potentially interact with several hundred gene transcripts, tar-
geted miRNA mediated glycosylation regulation is complex to implement. This circumstance raises the need
for computational aid in the prediction of miRNA targets.

Method: In our study, we present a workflow using the target prediction tool RNA22 in combination with a
comprehensive dataset of sequences for CHO cells, followed by curation of prediction results.

Results: We created a knowledge-based database consisting of biochemically relevant genes for mAb
N-glycosylation, to rationally process relevant results. Comparison to experimental data of target regulation
unraveled the potential of our method to correctly predict 55 of 69 (79%) regulations caused by 16 different
miRNAs known to affect mAb glycosylation.

Conclusion: This work could potentially serve as a starting point for the development of new bioinformatics-
assisted workflows to select miRNAs serving the user s exact needs.
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Introduction single-stranded molecules, typically 20-25 base pairs

long, which exhibit imperfect sequence complementarity

To this date, mammalian expression hosts, especially
Chinese hamster ovary (CHO) cells, are the most popu-
lar production host for biopharmaceutical production of
recombinant proteins."* In CHO cell line development,
the traditional gene knock-out or overexpression
approaches can often just switch on or off a special phe-
notype or characteristic, but lack the ability to modulate
regulatory effects.”™ Therefore, the demand for new
engineering approaches filling this gap rises. In the past
decade, microRNAs (miRNAs) have drawn increased
attention, as they provide the ability to fine-tune the
regulation of their targf:ts.3’4’(k9 miRNAs are short,

to their respective messenger RNA (mRNA) target.lo’13
As a consequence, one miRNA can interact with up to
hundreds of target genes rendering miRNA-mediated
regulation complex, as several pathways can be simulta-
neously regulated by a single miRNA directly or
indirectly."*"'” Therefore, identifying the targets of
miRNAs is a crucial step in understanding the biological
functions of miRNAs."® 2 However, experimental
approaches for the identification of miRNA targets can
be time-consuming, expensive, and have limited speci-
ficity. This circumstance raises the necessity for
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computational aid in the prediction of miRNA targets to
narrow down potential effects of a miRNA of interest or to
choose a miRNA based on the desired mode of action.”'
Bioinformatic approaches incorporate the use of algorithms
and databases to analyze the sequence and structural fea-
tures of miRNAs and their target mRNAs.”>>* There are
several bioinformatic tools and databases™ available for
predicting miRNA targets, such as TargetScan,”®
miRDB,”?  PicTar,”®  PITA,  RNAhybrid,*"*
DIANA,*** or RNA22.% These tools use different algo-
rithms to predict the binding sites of miRNAs on target
mRNAs, based on sequence complementarity, thermody-
namic stability, and site conservation and summarized con-
text scores of the aforementioned parameters.'’ >~
Bioinformatics-supported experimental design has several
advantages compared to simple trial-and-error experimen-
tal validation. It is faster, cheaper, and more scalable than
unguided large-scale experimental methods, and it can pro-
vide a systematic analysis of miRNA targets.39 Moreover,
bioinformatics-based prediction can identify potential
miRNA targets that may be missed by experimental
approaches. As it is not possible to experimentally test all
potential targets of an miRNA, which would be all existing
transcripts of an organism, bioinformatic target prediction
is a prerequisite to rationally select a smaller subset of can-
didates for a validation.

However, it is important to note that bioinformatics-
based miRNA target prediction is far from being perfect
and can produce large numbers of false positive or false
negative results depending on the algorithm and the
parameter settings applied for the computation.** Further-
more, the method is also very much dependent on the
databases used.>”*° Therefore, it is essential to validate
the highly plausible predicted targets using experimental
methods such as miRNA transfection followed by lucifer-
ase assays, Western blotting, or quantitative reverse tran-
scription polymerase chain reaction (qPCR).%***!

In our study, we present a workflow using the existing
bioinformatic tool RNA22* in combination with a com-
prehensive dataset of sequences to perform target predic-
tion of selected miRNAs. Manual curation of prediction
results and comparison with experimental data of target
regulation unraveled the potential and limitations of
target prediction. The sequences of miRNAs with in-
house-identified target mRNAs leading to a phenotypic
change in antibody N-glycosylation from a previously
conducted comprehensive miRNA screen were used as
validation data for target prediction.** The targets of
these screened miRNAs were predicted on the basis of a
dataset containing all mRNA transcripts of the CHO cell
line using different parameter settings including binding
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quality and thermodynamic stability. Followed by semi-
automated filtering for targets highly relevant for glyco-
sylation, the results were condensed and ranked by
probability. These predictions were compared to the
results of experiments where CHO cells were transiently
transfected with the respective miRNAs and examined
for the resulting target regulation via expression analy-
sis. This work could serve as a starting point for the
development of fine-tuned target prediction tools to
select miRNAs that exactly provide specific metabolic
functions.

Material and Methods

MIRNA target prediction

All target predictions in this work were conducted using
the locally executable version of the published RNA22
algorithm (Version v2, released 2015) as this tool allows
the user to submit batch requests of large custom data-
bases.”> Predictions of miRNAs were automatically
executed against the National Center for Biotechnol-
ogy Information (NCBI) publicly available transcrip-
tome database for the organism Cricetulus griseus
(Chinese hamster, RefSeq: GCF_000223135.1) con-
taining ~46,000 mRNA transcripts and their transcript
variants at the date of experiments,45 as this database
resembles the closest relative to the CHO cell line. The
following target prediction parameters were tested:
seed composition, minimum number of paired-up bases
in the heteroduplex, and maximum folding energy for
heteroduplexes.

Library of glycosylation relevant genes in CHO cells

A database containing the transcripts of 152 genes was
established, which were classified as highly relevant for
N-glycosylation. Relevant genes were collected from the
Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathways for the organism Chinese hamster (C. griseus:
cge00510, cge00520, cge00051, cge00511, and
cge00052).*® Sequence data for the transcripts of these
genes were obtained from the NCBI transcript database
described earlier. The collected genes are mainly rele-
vant for the sequential build-up or degradation of the
N-glycan tree of the protein. Furthermore, sugar-
nucleotide transporters47 and sugar conversion enzymes
are also present in the collection. The complete list of
the selected glycosylation relevant genes can be found in
Supplementary Table 1.

Filtering of relevant hits
Relevant hits were collected by comparing the complete
output of the target prediction step to the glycosylation
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database. This filtering step was performed in a semiau-
tomated way using Microsoft Excel. The follow-up
manual curation of the resulting condensed dataset
included the following steps. Hits were ranked for bind-
ing probability based on their predicted thermodynamic
stability and furthermore classified by their binding loca-
tion on the mRNA transcript (5’ untranslated region
(UTR), coding sequence (CDS), and 3’UTR). Further-
more, a binding to all possible transcript variants of one
gene was mandatory for a hit to be further processed.

MiIiRNA mimics and sequences

The experimental setup and the implementation of
murine miRNA transfection into antibody-producing
CHO cells are already described elsewhere.***® In short,
experimental validation was performed by transient
transfection of miRNA mimics that were known to have
an influence on glycosylation into a mAb-producing
CHO-K1 cell line, followed by expression analysis of
relevant genes using qPCR. The results of these experi-
ments were used as a model dataset to test and validate
our predictions. Sequences for the tested murine
miRNAs were obtained from the manufacturer and were
based on the miRBase release 21.* MiRNA sequences
used in this study are listed in Supplementary Table 2.

Results

Generation of a CHO glycosylation database

In this study, mAb glycosylation was used as phenotypic
model readout caused by miRNA-mediated regulation.
To narrow down the list of potentially interesting predic-
tion hits, we generated a database consisting of highly
relevant genes for protein N-glycosylation in CHO cells.
This list consists of three main parts, which are the inter-
conversion of sugar precursors, the following N-glycosy-
lation of a mAb, and the degradation of the glycan tree.
The first part of the list describes the interconversion of
free galactose, glucose, mannose, fucose, N-acetylglu-
cosamine (GIcNAc), and N-acetylneuraminic acid
(Neu5Ac) into each other and toward the nucleotide
sugars uridine diphosphate (UDP)-galactose, UDP-
glucose, guanosine diphosphate (GDP)-fucose, UDP-
GIcNAc, and cytidine-5'-monophosphate  (CMP)-
Neu5SAc (Fig. 1A). These nucleotide sugars reflect the
active precursors, which are later attached to the glycan
tree for N-glycosylation. The N-glycosylation database
sums up all reactions, which lead from a membrane-
bound dolichol to a complex glycan tree attached to a
mAb (Fig. 1B). The assembly of the core structure con-
sisting of mannose residues attached to dolichol takes
place on the membrane of the endoplasmic reticulum,

Potential miRNA Targets for Antibody Glycosylation

first directed into the cytosol, later on into the endoplas-
mic reticulum. After the transfer of the mannosylated
glycan tree to the mAb in the endoplasmic reticulum, ini-
tial trimming of galactose and the mannose tree takes
place. Subsequently, the addition of GlcNAc, galactose,
Neu5Ac, and fucose takes place in the Golgi apparatus
by their respective sugar transferases.’®>! The nucleotide
sugars are thus transported into the Golgi apparatus via
solute carrier (SLC) transporters. As the cell also has the
ability to degrade the glycan tree, the carbohydrate cleav-
ing enzymes were also added to the database (Fig. 1C).
They are located in the lysosome, the cytosol, or the
extracellular space and cleave their specific carbohydrate
moiety off the glycan tree to release the free sugar into the
cytosol.5 2 Overall, our database of hi ghly relevant targets
for N-glycosylation is composed of 157 genes with 277
transcript variants (Fig. 1D). This database represents our
current knowledge of the biochemical pathways that lead
to N-glycosylation and was used as a filter to rationally
reduce the hits from the target prediction of a miRNA
against the whole transcriptome database of CHO-KI,
which typically yields thousands of predicted hits.

Parameter testing for initial hit generation

miRNA target prediction typically yields hundreds of
results, mainly false positives.*® The amount of gener-
ated data is highly dependent on the applied parameter
settings, which are used for the prediction. Therefore,
we initially aimed to evaluate the influence of the three
main parameters seed region, number of paired-up bases
in the heteroduplex, and folding energy on the raw
number of generated hits. Therefore, we ran test predic-
tions of mmu-miR-3096b-5p, a well-characterized
miRNA from our previous study to regulate fucosyla-
tion, against 100 randomly chosen transcripts from our
database for N-glycosylation and evaluated the number
of raw hits. The RNA22 algorithm that was used in this
study offered adjustability for all three mentioned
parameters. The parameter seed region describes the
composition of the seed region, which represents the ini-
tial recognition site of a miRNA and its respective
mRNA target. The algorithm offers the settings 8mer,
7mer, and 6mer without mismatches (8merOmm,
7merOmm, and 6merOmm), 8mer or 7mer with up to one
mismatch (8merlmm and 7merImm) or 8mer with up to
two mismatches (8mer2mm). The resulting number of
raw hits was highly dependent on these settings as we
got only 16 hits with the setting 8merOmm; however, as
one or two additional mismatches were allowed in the
same seed size, the number of hits increased to 49 and
83 for mmu-miR-3096b-5p predicted against the 100
randomly chosen transcripts, respectively. The same
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FIG. 1.

Establishment of a database of biochemically relevant genes for the N-glycosylation of a monoclonal anti-

body (mAb) in Chinese hamster ovary (CHO) cells. Created with BioRender.com. (A) The first set of genes describes the
interconversion of the sugars galactose, glucose, mannose, fucose, N-acetylglucosamine (GlcNAc), and N-acetylneura-
minic acid (Neu5Ac) into each other and their respective sugar nucleotides inside of the cell. (B) These genes describe
the sequential build-up of the glycan tree on a mAb in the cytosol, endoplasmic reticulum, and Golgi apparatus. Fur-
thermore, the respective transporters for the nucleotide sugars into the Golgi apparatus are also included. (C) These
genes describe the degradation of the glycan tree on a mAb. (D) The overall numbers of genes and their resulting
summarized transcript variants used for knowledge-based filtering of target prediction hits in this work.

tendency could be observed for the 7merOmm compared
to the 7merlmm setting (Fig. 2A). The setting
8mer2mm was chosen as fixed setting for the optimiza-
tion of the next parameters, to initially keep a high
amount of information—potentially containing all tar-
gets that are currently known to lead to N-glycosyla-
tion—for the later implemented postprocessing based on
biochemical knowledge. Next, the number of paired-up
bases was tested, describing the number of bases in the
miRNA-mRNA duplex, which must be paired. Here, a
stringent decrease in the number of obtained hits could
be observed with an increasing number of pairing bases.
Most hits were obtained with 10 pairing bases resulting
in 117 hits, while 19 paired bases resulted in only a
single hit (Fig. 2B). As we wanted to carry on high

numbers of initial hits before postprocessing, 10 paired-
up bases were chosen as a fixed parameter for the last
optimization step using the parameter folding energy.
The folding energy describes the strength of the duplex
binding, with lower values representing stronger bind-
ing. Here, similar to the previous parameter, a stringent
correlation between the number of predicted hits and a
lower folding energy (stronger binding) could be
observed. The highest folding energy (—5 kcal/mol)
yielded 302 potential hits, while the lowest folding
energy that yielded a result was —29 kcal/mol with a
single hit. Lower folding energies than —29 kcal/mol
predicted no hits (Fig. 2C). The folding energy of —5
kcal/mol was chosen as the final setting to not lose
potential hits with a weak duplex binding. Overall, the
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FIG. 2. Initial testing of the target prediction parameters seed region, paired-up bases, and folding energy on the

number of resulting raw hits. The target prediction of the model mmu-miR-3096b-5p was conducted against 100 ran-
domly chosen transcripts from a database with genes relevant for antibody N-glycosylation in Chinese hamster ovary
(CHO) cells. For all predictions, the locally executable version of the RNA22 algorithm was used. (A) The target predic-
tion parameter seed region describes the composition of the initial recognition site of a miRNA on an mRNA tran-
script. Permitted settings were as follows: 8mer, 7mer, and 6mer without mismatches (8merOmm, 7merOmm, and
6mer0mm), 8mer or 7mer, with up to one mismatch (8mertmm, 7merTmm) or 8mer with up to two mismatches
(8mer2mm). (B) The total number of bases that pair in a miRNA-mRNA duplex is described by the parameter paired-
up bases and is a quality attribute for strong binding. The tested settings were 10-19 paired bases. (C) The folding
energy parameter is related to the two aforementioned parameters, as it describes the sum of the folding energy of
all pairing bases in a miRNA-mRNA duplex. Its range is from —5 kcal/mol to —4 kcal/mol, where a lower binding
energy represents stronger binding. The final settings for the first parameter are marked blue, the final settings from
the second parameter are in red, and the final setting for all further experiments in green. DS = default setting of the
algorithm (seed: 7mer1mm:; 12 paired bases; —12 kcal/mol folding energy).

final setting for all further experiments was set to
8mer2mm, 10 paired-up bases, and a folding energy of
—5 kcal/mol, to initially generate as many results as pos-
sible, which could then be narrowed down by further fil-
tering steps. The same prediction was also conducted
using the default settings (DSs) of the RNA22 algorithm,
which were as follows: seed: 7merlmm; 12 paired bases;
—12 kcal/mol folding energy. Applying these more

stringent parameter settings, the prediction only yielded
61 raw hits (Fig. 2A—C). Subsequently, the results for our
less stringent parametrization were compared to the
results obtained from default parametrization.

Filtering and processing of hits
The experimental validation of thousands of predicted
hits is impossible and would yield high numbers of false
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positive predictions depending on the algorithm used.
Therefore, we used the above described database of highly
glycosylation relevant genes as a filter, to narrow down the
results based on biochemical knowledge of glycosylation to
reasonable numbers of target genes, which could afterward
be experimentally assayed. We selected 16 validated
miRNAs from our previous studies to shed light on the fil-
tering and processing of miRNA target predictions and
their accuracy. Nine miRNAs showed in the initial experi-
ments decreased fucosylation of a mAb,* five miRNAs led
to decreased galactosylation, and two miRNAs increased
the galactosylation on the mAb after transient transfection
into CHO cells.*® A target prediction of these 16 miRNAs
was conducted against the complete CHO-K1 transcript
collection using RNA22, yielding an initial set of raw data
hits, which was processed stepwise (Fig. 3A). In a first step,
if multiple transcript variants of one gene were targeted by
a miRNA, these hits were combined, resulting in a reduced
dataset (Dataset 1). This was further processed by filtering
for glycosylation relevant genes by applying the collection
of genes described above leading to Dataset 2. As the phe-
notypic change (change in fucosylation or galactosylation)
was already known from our previous work with transiently
transfected miRNAs in CHO cells, potential targets could
be narrowed down to target genes highly relevant for the
respective result, leading to Dataset 3. This last dataset was
compared to the experimental data, which was obtained in
our previous work via qPCR from CHO cells transfected
with the respective miRNAs to either verify or contradict
the predictions (Fig. 3B). The whole process of filtering
reduced the number of hits from several thousands to only a
few hits. In the case of the 16 tested miRNAs, raw data
ranged between 1,610 hits for mmu-let7c-1-3p and 65,375
hits for mmu-miR-432, which, after filtering, could be nar-
rowed down to 4-13 hits with a very high potential to be
relevant for the respective glycosylation phenotype,
depending on the miRNA (Fig. 3C). The combination of
transcript variants reduced the raw data on average by
40.3% (Raw data &cenveo_unknown_entity wing-
dings_FOEQ; Dataset 1), the second filtering for glycosyla-
tion relevant genes showed the strongest reduction by
99.17% on average (Dataset 1 &cenveo_unknown_entity_-
wingdings_FOEQ; Dataset 2), and the last reduction
decreased the potential hits by another 79.06% on average
(Dataset 2 &cenveo_unknown_entity_wingdings_FOEO;
Dataset 3) (Fig. 3D). This filtering step enabled the rational
testing and validation of predicted targets in a reasonable
time via qPCR.

Validation of predicted miRNA targets
To evaluate the results of our previously conducted
miRNA target prediction of 16 miRNAs with known
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phenotypic influences on the glycosylation of a mAb, we
compared the generated Dataset 3 to qPCR data obtained
in our previous studies,**** applying default parametri-
zation or our earlier described less stringent parametriza-
tion. Post-processing for both approaches was the identical.
For many miRNAs, the cross-section of predicted and vali-
dated data showed overlapping results for the less stringent
approach, and most of the experimentally observed regula-
tions could be verified by a prediction (Fig. 4A). The 16
described miRNAs showed 69 confirmed (via qPCR) regu-
lations in the assayed set of targets. Applying the DSs, only
33 of 69 (47%) observed regulations could be explained by
a prediction (Fig. 4B). This number could be strongly
increased by our less stringent target prediction, where 55
regulations could be explained (79%) (Fig. 4C). The 55 cor-
rectly predicted targets, however, represented 61% of total
predictions from Dataset 3 for the less stringent settings,
resulting in 39% false positive predictions (Fig. 4E). These
rates are however similar for the DSs, where 32% of the
predictions were false positive (Fig. 4D). These results
demonstrated that by applying less stringent parameter set-
tings, an additional 22 (32%) experimentally observed
miRNA targets could be explained compared to DSs using
our described workflow. This strong increase in prediction
capacity was accompanied by only 7% increase in false
positive results.

Discussion

In recent years, miRNAs have gained increased interest
as engineering tools, as they allow for a more subtle reg-
ulation compared to standard approaches like knock-out
or overexpression of genes.3’5 They have already been
successfully used in many engineering approaches in
production cells, targeting titer, quality attributes or
biomass-related parameters such as apoptosis.™®-#->370¢
As CHO cells are currently one of the most frequently
used production hosts for therapeutic proteins and new
engineering techniques apart from classical gene overex-
pression or knock-out are developed for biosimilar pro-
duction or fine-tuning of phenotypic effects, the
application of miRNAs in this host seems even more
attractive.> However, the versatility of one miRNA to
potentially regulate hundreds of genes due to its imperfect
target binding also represents one of its major drawbacks
when using them in a directed manner.'*'37-%% o
understand the underlying mechanism behind an effect of
a miRNA on the cell is crucial for the targeted develop-
ment of miRNAS as a toolbox to fine-tune cellular behav-
ior. Therefore, prediction of said targets is a key element
to unravel the full potential of miRNAs as regulators in
CHO production cells.'®?"**%% Qur study provides
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further insights into the impact of different target predic-
tion parameters on the number of generated raw data and
presents a simple workflow to handle large numbers of
prediction results using a knowledge-based dataset of bio-
chemically highly interesting genes combined with an

experimentally observed phenotype. Furthermore, we
finally compared the processed prediction data to experi-
mental results obtained in previous studies.****

We decided to use the RNA22 algorithm,” as we
wanted to use transcript data from CHO cells for the
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predictions, which was not possible with other algo-
rithms like Target Scan or miRDB. These algorithms
typically only offer predictions for human, mouse, rat, or
similar model organisms. Furthermore, RNA22 offered
the advantage to perform target prediction against com-
plete transcripts, not only 3’UTRs. In this study, we
established a database containing the spectrum of known
reactions, which are necessary for mAb N-glycosylation,
glycan degradation, and precursor synthesis, as we used
mAb glycosylation as a model readout. To our knowl-
edge, this database represents a complete collection of
the known enzymes in CHO for this subset of metabolic
reactions. However, for the observed and assayed pheno-
types—decrease in fucosylation, decrease in galactosyla-
tion, or increase in galactosylation—several enzymes of
this collection were of special interest. For fucosylation,
fucokinase (FUK), fucose-1-phosphate guanylyltransfer-
ase (FPGT), GDP-mannose 4,6-dehydratase (GMDS),
GDP-L-fucose synthetase (TSTA3), GDP-L-fucose
transporter (SLC35C1), fucosyltransferase 8 (FUTS),
and fucosidase 1 (FUCA1) were identified as the most
important enzymes.** The mentioned enzymes mark the
key synthesis pathway for core-fucosylation on a mAb
produced in CHO cells. A regulation of the genes FUK
and FPGT, or GMDS and TSTA3 could block synthesis of
the nucleotide sugar GDP-L-fucose, from either free fucose
or mannose, and therefore lower fucosylation by depleting
the precursor. Furthermore, as FUTS is the only known
fucosyltransferase in CHO to perform an «-1,6 linkage of
fucose to the core of the glycan tree, this enzyme is a bottle-
neck for fucosylation, and a frequent target for miRNA reg-
ulation leading to the strongest afucosylation capacities, as
shown previously. The same is true for the only validated
fucose SLC35C1, where a downregulation would lead to
lowered availability of GDP-L-fucose in the Golgi. A
strong miRNA-mediated downregulation of these genes
resulted in drastically decreased mAb fucosylation in CHO
cells.** For galactosylation, galactose mutarotase (GALM),
galactokinase (GALKI1), galactose-1-phosphate uridylyl-
transferase (GALT), phosphoglucomutase-1 (PGM1),
phosphoglucomutase-2 (PGM?2), UDP-glucose pyrophos-
phorylase 2 (UGP2), UDP-galactose-4-epimerase (GALE),
UDP-galactose transporter (SLC35A2), beta-1,4-galacto-
syltransferase 1-4 (B4GALT1, BAGALT2, B4GALTS3, and
B4GALT#4), and beta-galactosidase-1 (GLB1) were consid-
ered critical.*® Similar to fucosylation, a regulation of the
enzymes that synthesize the precursor nucleotide sugar
UPD-galactose (GALM, GALK1, GALT, PGM1, PGM2,
UGP2, and GALE) potentially leads to a lack of precursors
for terminal galactosylation. The galactosyltransferases
B4GALTI1-4 are similar to FUTS8 the only known
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galactosyltransferases to catalyze a specific linkage in CHO
cells, and a strong miRNA-mediated regulation of these tar-
gets could translate into a decreased linkage of UPD-
galactose to the glycan and therefore a lower rate of galac-
tosylation, as experimentally validated before.*® Regulation
of the transporter SLC35A2 could lower UDP-galactose
levels in the Golgi, which is a prerequisite for efficient gal-
actosylation. Estimation of parameters in a test prediction
of an miRNA against 100 random transcripts revealed a
great importance of the quality of the seed region, as the
lowest amount of hits was detected, when allowing no mis-
matches in this region. With each additionally allowed mis-
match, the number of hits increased by over 50%. When
allowing no mismatches, shortening of the seed region
from 8 to 7 or 6 nucleotides only added few of more results.
This was due to the moveable position of the mismatch in
the seed sequence, which allows more versatility in base-
pairing. The importance of seed-pairing quality and para-
metrization was already described as critical quality factor
elsewhere.”**”"° However, seed-pairing is not the only crit-
ical nucleotide-based parameter for miRNA-mRNA recog-
nition.”! Regarding the paired-up bases in the whole
duplex, a linear decrease was expected and observed. These
bases determine the overall stability of the duplex and the
specificity of the miRNA toward its target.”>’" Folding
energy is somewhat dependent on paired-up bases, as each
base pair lowers the folding energy of the duplex, thereby
improving its thermodynamic stability.'” For folding
energy, a sigmoidal course of hits was observed with a pla-
teau for very high and very low folding energies. Almost all
predicted hits fulfilled the loose criteria for high folding
energies between —35 kcal/mol and —7 kcal/mol as well as
very few but strong duplexes, which reached very low fold-
ing energies between —19 kcal/mol and —29 kcal/mol. As
we did not want to restrict our results by strict parametriza-
tion and thereby potentially lose true predictions, which
simply do not exhibit a certain threshold, we decided to
conduct all further experiments with the lowest possible
parameter stringency. As the phenotypic outcome of the
respective miRNA regulation for the 16 tested miRNAs
was already known, we decided to rather generate a broad
dataset with as much information as possible, which is
afterward curated by a knowledge-based approach. As
latter results showed, the more stringent default parameter
settings restricted the prediction too much. When the pre-
diction results of the 16 miRNAs against the whole tran-
scriptome of CHO were first filtered by the glycosylation
relevant genes and then manually by the above-mentioned
key enzymes for the respective phenotype, the amount of
results could be reduced from several thousands to ~10
hits. This number was reasonable to be assayed via qPCR.
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The greatest reduction in this processing took place, when
the key enzymes from the glycosylation database were
identified based on experimental knowledge from previous
studies. This highlights the importance of experimental val-
idation of the prediction results as already described else-
where.'?”*7>7 With the knowledge-based reduction of
hits, based on previous results,***® we could predict 79% of
actual regulations. We could successfully demonstrate an
increase in positive hits by 32% compared to default para-
metrization by applying low parametrization stringency.
This result hints at a too stringent parametrization by the
DSs and highlights the importance of variable parameter
settings. Accompanied with the higher accuracy, the
number of false positive hits increased only by 7%, as
rational-based postprocessing of hits by our glycosylation
database allowed for filtering. These numbers are highly
dependent on the quality of the data processing and the
availability of experimental data, as earlier studies have
shown that target prediction in general can produce high
numbers of false-positive results.*> Also, we did not
observe a pattern in incorrectly predicted targets in our
study. Our data provide a first hint on how to improve the
quality of prediction data but could be extended by an anal-
ysis of target site accessibility in mRNA,* by applying
machine learning from a training data set for the optimiza-
tion of the parameters74 or by a combination of several
target prediction algorithms.75 Furthermore, the filtering
workflow could be improved by a ranking for multiple
bindings of a miRNA on the same transcript in spacial
neighborhood, which can enhance target repression or lead
to competitive binding of miRNAs.

In conclusion, our study demonstrates the influence of
several target prediction parameters on the number of
predicted targets and offers a workflow to filter the high
number of data based on biochemically relevant targets.
We could successfully evaluate results from our previous
work using glycosylation as model readout and clearly
demonstrate the importance of database quality and
manual curation to pass on the right amount of data. In
the end, we were able to explain 79% of actually occur-
ring gene regulations with a prediction. This result is
similar compared to 83% of confirmed binding sites that
could be predicted by the developers of RNA22 in their
work.” However, we highlight that our test dataset
included 69 regulations, whereas the previous work only
included 35 regulations. When investigating the number
of predictions from our final dataset, which could be
actually confirmed, our workflow produced 39% false
predictions, which again highlights the issue of miRNA
target prediction to produce false-positive results, which
are estimated at 20-30% for most of the well-known

30

prediction algorithms.** However, as previously hinted,
dose sensitivity could play a role in such cases, as an
allegedly false-positive miRNA prediction might
actually be true when tested with a different miRNA
concentration.”> Our results show the potential and
remaining challenge of target prediction-assisted experi-
mental validation, which is of increasing interest for the
implementation of miRNAs as engineering tools in bio-
processing relevant CHO cell lines. We want to highlight
the relevance of biochemical knowledge, to interpret the
high amount of data resulting from target prediction and
to select highly plausible hit candidates for further
experimental validation. This background knowledge
also requires experiments in advance; however, many
labs have generated valuable results over the past deca-
des, which could be reevaluated and implemented in
such databases, as recently demonstrated for glycosyla-
tion.”® Efforts in future optimization strategies could
therefore be made toward the generation of biochemical
databases to accompany target prediction processing
instead of changing the target prediction itself. Addit-
ionally, it must be mentioned that the addition of data
from transient transfections is a valuable source and
allows screening of large numbers of molecules. How-
ever, future models would benefit from data generated
by stable miRNA overexpression, as this will be the goal
of this technology, and discrepancies might arise
between both modes of molecule delivery.
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