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Landoltia punctata, or Spotted Duckweed, is a small, fast-growing aquatic plant native to freshwater bodies. Due to its fast-growing
properties and high starch accumulation, the plant is of interest to researchers, with potential applications in bioremediation, biofuel
production, and antibiotic manufacturing. Because of its potential significance, this paper seeks to determine an unknown protein’s
structure, function, and role in Landoltia punctata via database searches and artificial intelligence structure and protein disorder
prediction models. Since proteins perform various functions within a plant cell, understanding their roles will lead to a better
understanding of how Landoltia punctata can be utilized in these fields of interest. Database searches yielded several matches of
medium significance, but many matches had varying functions. The structure and disorder predictors suggested that the unknown
protein was likely intrinsically disordered. Furthermore, they predicted that the beginning of the protein binds to nucleic acids and
the end of the protein binds to other proteins, indicating its potential role in either the transcription or translation processes in
Landoltia punctata. These findings may mean that researchers can modify the protein to increase output of potentially desired
products. However, due to the lack of distinct significant database matches and because these artificial intelligence models are not
perfectly accurate, these results remain only partially conclusive. This study recommends that future researchers experimentally
determine the structure and function, and role in Landoltia punctata.

Introduction

Duckweeds are an aquatic plant group that are of interest to
researchers due to their potential applications in biofuel produc-
tion and bioremediation. Specifically, Landoltia punctata (LP)
is relevant due to its unique genetic composition. The plant is the
only organism in the Landoltia genus and thus is genetically dis-
tant from other duckweed genera1. This genetic profile results
in unique morphological characteristics that may be useful to
researchers. LP has multiple potential applications: bioremedia-
tion, being able to absorb both phosphorus and nitrogen rapidly,
especially in conjunction with other plants1; biofuel production,
being able to produce ethanol for combustion2; and potential
antibiotic and aquaculture application, containing flavonoids
that have antibiotic and antioxidant properties3,4. Understand-
ing what causes the organism’s behaviors and functions—that is,
the cellular processes behind them—may allow researchers to
be able to better utilize the plant in these potential applications.
As proteins are largely responsible for these cellular processes,
better understanding their role within LP may thus benefit future
researchers who aim to use the organism.

Proteins

Because each protein’s function is dictated by its structure, un-
derstanding the structure of a protein may yield insights into the

molecular processes within a cell and may allow researchers to
modify the protein to better suit an organism like LP to their
needs. Outside of function, determining the structure of a pro-
tein is also vital for understanding the structural evolution of
proteins5. For example, because alpha helices typically interact
with DNA or RNA, tracing the history of alpha helices in a pro-
tein family may yield insight into how the function of a specific
protein category changed over time6.

Despite their importance, many sequenced proteins have not
had their structures determined5. Although methods like Nu-
clear Magnetic Resonance Imaging exist, they are expensive,
require a high-quality sample, and are subject to human error7,8.
As such, researchers have been investigating alternative methods
for predicting protein structure. Recent developments in artifi-
cial intelligence have created a more accurate prediction model
called AlphaFold9. Evans et al. demonstrated that AlphaFold is
significantly more accurate at predicting protein structure than
previous prediction methods and is comparable in accuracy to
experimental methods10.

Understanding when and where a protein is translated may
also help determine the function of a protein. One way to exper-
imentally determine where a protein is expressed is through a
western blot analysis, as Wang et al. did with Lemna aequinoc-
tialis, another duckweed species11. Western blot analyses aim
to separate and identify specific proteins in an organism via gel
electrophoresis and antibody binding. By doing so, researchers
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can monitor the presence and thus expression of a protein in a
region of interest of an organism11.

Database Searches to Predict Protein Function

Often, knowing protein structure is not enough to determine
function alone, and a researcher must perform additional analy-
sis to do so. One potential method to determine protein function
is database searches, which aim to find proteins with similar
sequences to a query sequence. Theoretically, similar proteins
(homologs) have similar structures and functions12. Thus, if one
were to find a statistically significant protein match with a known
function, they would be able to predict the query sequence’s
function.

One method of determining the match significance is to uti-
lize its E-value. As defined by NCBI, this is the number of
matches similarly significant to the one displayed that one can
expect to find when searching through a database of a given
size due to chance13. Thus, if the E-value was 1, one could
expect at least one match of equal or greater significance in a
database of similar size due to random chance. E-values vary
due to the size of the query sequence and the number of entries
within the database searched, so it is difficult to quantify the
threshold for significant values. However, values of 1E-50 and
above are generally deemed very significant for both DNA and
protein sequences, and values from 1E-10 to 1E-50 suggest a
relationship between the two sequences14. Additionally, the
appearance of multiple related matches with similar E-values
signals that the inputted sequence may belong to a family of
proteins. Though methods to experimentally determine protein
function exist, database searches are a fast, easy, and inexpensive
method to conclude whether such analyses are necessary.

Protein-Protein Interactions

Proteins rarely exist in a vacuum, usually interacting with other
proteins to perform their functions. Protein-protein interactions
(PPIs) are vital for understanding a protein’s function and rel-
evance within an organism15. Understanding them within the
context of LP would provide researchers with insight into how
each protein contributes to the overall function of a cell, poten-
tially opening avenues for proteins to be modified to better suit
the plant to one’s needs, like biofuel production or bioremedia-
tion.

There are multiple methods one can utilize to determine PPIs.
To identify potential interactions between uninvestigated pro-
teins, one may conduct a pull-down assay, where a researcher
would isolate and fluorescently tag a protein of interest, place
it in an in vitro solution containing other proteins from the or-
ganism of origin, and re-extracted via centrifuge if it binds to
other proteins, as Louche et al. did in their study16. Alterna-
tively, one may employ a structural approach: if two unknown

proteins are structurally similar to two proteins that are known
to interact, then it is likely that those unknown proteins also in-
teract with each other17. Artificial intelligence models can also
predict PPIs. Multimer versions of AlphaFold or other models
like RoseTTAFold are used to predict protein interactions and
complexes18. These models could allow researchers to predict
these interactions within LP with high accuracy and without
utilizing expensive equipment.

Intrinsically Disordered Proteins

It is important to note that not all proteins have a defined
structure. Intrinsically disordered proteins (IDPs) are proteins
where some or all regions do not have a fixed or ordered three-
dimensional structure, typically in the absence of other interact-
ing molecules. Despite this, IDPs are functional, usually con-
forming to a defined shape when paired with another molecule,
like DNA or other proteins19. Disordered regions have been
proven to interact with nucleic acids as well20. IDPs are often
heavily involved in PPIs and are important in the regulation of
DNA transcription, the formation of links between two proteins,
and cell signaling21. Thus, understanding the role IDPs play
in LP could allow researchers to modify them to make those
cellular processes more efficient.

Researchers have created artificial intelligence programs to
predict IDPs. The most accurate disorder predictor currently
available is flDPnn, a deep-learning neural network program.
The model also predicts what function the disordered region
carries out, like binding to specific compounds or forming linker
regions between two proteins22. Hu et al. found that flDPnn
has an average area under the receiver operating characteristic
curve (AUC) of 0.814. AUC acts as a measure of accuracy and
ranges from 0.5 for a random prediction and 1.0 for a perfect
prediction22. Notably, flDPnn’s AUC values for DNA and RNA
binding were significantly higher (0.87 and 0.86, respectively)
than its protein binding AUC values (0.79).

A eukaryotic protein has, on average, 32% of its residues
disordered, meaning that simply using AlphaFold may not yield
accurate results regarding the structure of some segments of
proteins23. Thus, it is important to identify potential disordered
regions within proteins with programs like flDPnn when predict-
ing structure to maximize accuracy.

Gap

Despite these recent advancements in sequencing and predic-
tion, many proteins are unsequenced, and an estimated 43% of
eukaryotic proteins have not had their structures observed or
simulated24. One such unknown protein is coded for by DNA se-
quence JZ987503.1 (the protein will be referred to as Unknown
Protein or UKP). JZ987503.1 was sequenced and published by
the author as part of the Waksman Student Scholars Program
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(WSSP) by isolating bacterial plasmid copies (cDNA) of the
sequence25. No other identifying characteristics of JZ987503.1
are known. UKP has not had its structure or function determined.
This is demonstrated by the lack of significant named matches
for JZ987503.1 in BLAST, a tool developed by NCBI that
searches through all published DNA sequences to find matches.
When searching for matches to JZ987503.1, only one database
yielded statistically significant DNA matches with function-
denoting names. However, all of these matches came from
WSSP, where high school students “determine if the sequences
are similar to genes from other organisms using bioinformatic
programs and accessing databases”26.

As such, JZ987503.1 and its matches must have obtained their
names from another match somewhere in the NCBI databases.
If one converts JZ987503.1 into a protein sequence, they can
find a named but statistically insignificant match in an NCBI
database. This match is not very significant, with an E-value of
7E-10, and no other significant named matches exist in the top
100 matches in the protein version of BLAST for UKP. Because
of this, one cannot accurately state the structure (if the protein is
ordered) and function of the protein coded by JZ987503.1 and
what interactions it participates in.

As such, there is an apparent knowledge gap in the prior re-
search concerning UKP because no “true” significant named
matching sequences exist on any NCBI database. The author
believes UKP is relevant due to its organism of origin. Although
this protein and the genetic sequence coding for it have no im-
mediate distinguishing characteristics that make them of special
interest, understanding any protein’s structure, function, and role
within LP may allow researchers to uncover the structural evolu-
tion of the protein as well as modify or target it to allow LP to
better suit its potential biofuel, bioremediation, and antibacterial
applications1,2,4,5.

Because the researcher does not have access to laboratory
tools, this paper seeks to determine the structure of the ordered
regions in UKP, if present, and how the protein contributes to
the overall function and survival of a cell in LP that expresses
it by using a combination of large database searches and ar-
tificial analysis tools. It will first convert JZ987503.1 from a
DNA sequence into a protein sequence and use AlphaFold and
flDPnn to predict its structure before searching through publicly
available protein databases and performing additional analysis,
if necessary.

Only the length of sequence JZ987503.1 is currently known.
Given this information, the author hypothesizes that because
JZ987503.1, and by extension, UKP are relatively short se-
quences, UKP could be part of the lysosome, binding to and
degrading other cellular material. Many lysosomal proteins, like
SNAPIN or assembly subunits, are around 120-150 residues
long, which is approximately the length of UKP27,28.

Results

Due to the explorative nature of this study, results build on each
other and thus are presented in chronological order. Additionally,
because the control sequence used does not contribute to the
conclusion and only validates the accuracy of the methodology,
all results regarding it are in the methods section.

NCBI’s ORF finder found that ORF1 was most likely the
reading frame that coded for a protein. Because JZ987503.1 was
derived from a reverse transcription of an mRNA sequence, the
sequence is guaranteed to run left to right, meaning that ORFs
four through six are not possible outputs25. Out of the ORFs
one through three, ORF1 is the most likely to code for a protein;
ORF1 is 129 residues long, ORF2 is 43 residues, and ORF3 is 31
residues long. As protein domains are typically longer than 40
residues, ORFs 2 and 3 are less likely to be coding ORFs. The
BLASTp results for each of these ORFs confirm this, as ORF1
had several significant but unnamed protein matches while ORFs
2 and 3 had no matches above 1E-05. The researcher then used
ORF1 as the sequence for UKP for the rest of the methods.
Refer to Fig. 1 for the exact sequence.

AlphaFold predicted that UKP had around a 50-residue-long,
high-confidence alpha helix structure in the front, followed by a
long, low-confidence tail. There appear to be partial formations
of alpha helices throughout this tail, though the low-confidence
level suggests that this region has no ordered structure. Refer to
Fig. 2 for the full protein sequence structure and Fig. 3 for the
confidence intervals for the protein and predicted aligned error.

The most significant matches in my searches came from the
TrEMBL database in UniProt. The four most significant matches
were CRT10 with an E-value of 1E-25; “DNA dependent protein
kinase catalytic subunit” with an E-value of 4E-21; “TXP2 C-
terminal domain-containing protein” with an E-value of 4E-19;
“Putative histone acetyltransferase HAC-like 1” with an E-value
of 1E-18; and “Genome assembly, chromosome: A01” with
an E-value of 4E-15. All E-values were generated by NCBI’s
BLAST “Align Two Sequences” tool. Refer to Figs. 4-7 for the
AlphaFold predicted structures of each of these proteins.

FlDPnn predicted that UKP was entirely disordered. Around
the first 30 residues are predicted to bind to a nucleic acid, with
a high DNA and RNA binding propensity, and around the last
52 residues are predicted to bind to proteins or form linker
regions, with high protein binding propensities for that area.
The middle section of the protein is most likely to form a linker
region between two proteins. Refer to Fig. 8 for the flDPnn
predictions for UKP and Fig. 9 for a graphical representation of
the propensities generated in Google spreadsheets.

Database searches containing around the last 52 residues
yielded no significant matches. However, there were several
matches for the database search containing the first 41 residues.
All match E-values were standardized with NCBI’s “Align Two
Sequences” tool and presented in order of significance. The
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Fig. 1 NCBI’s ORF Finder Results

Fig. 2 Predicted Structure For UKP, Generated by AlphaFold.

Fig. 3 Confidence Interval and Predicted Aligned Error for UKP, Generated by AlphaFold
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Fig. 4 - 7: From Left to Right, Top to Bottom, the Structures for the Four Proteins, from Highest E-value to Lowest: CRT10, “DNA dependent
protein kinase catalytic subunit,” “TXP2 C-terminal domain-containing protein,” “Putative histone acetyltransferase,” and “Genome assembly,
chromosome: A01”

Fig. 8 flDPnn’s Results for UKP
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Fig. 9 Graph Generated in Google Spreadsheet for the Varying Propensities of UKP. Data Points were Extracted from the CSV file
Generated by the Program

first match is CRT10, with an E-value of 9E-13, “Shugoshin
C-terminal domain-containing protein” at 4E-11, “Non-specific
serine/threonine protein kinase” at 4E-11, “TXP2 C-terminal
domain-containing protein” at 4E-11, “DNA-dependent protein
kinase catalytic subunit” at 2E-11, and “Putative histone acetyl-
transferase HAC-like 1” at 3E-10. The flDPnn results for those
sequences are below. Refer to Figs. 10-15 for the results.

The functions of these protein matches vary significantly;
CRT10 binds to ribosomal RNA and degrades mutant variants29.
TPX2 binds to other proteins and spindle fibers during mito-
sis, though not all interactions with this protein are known30.
Shugoshin proteins help maintain nuclear stability and protect
chromatid cohesion, ensuring that chromosomes remain intact31.
Putative histone acetyltransferase HAC acetifies DNA, binding
itself to DNA to denature and thus deactivate the nucleic acid32.
The non-specific serine/threonine protein kinase binds to amino
acids. Although the fact that many of the proteins are known to
bind with nucleic acids (or do not have their functions known)
may suggest a weak correlation, because these proteins are not
related regarding specific function, no conclusions can be di-
rectly generated from these results.

Discussion

Conclusion

This research suggests that UKP is likely intrinsically disordered
and forms complexes with other proteins. Additionally, UKP
may bind to nucleic acids and proteins.

The most apparent conflict of results lies within the con-

clusions generated by AlphaFold and flDPnn. AlphaFold pre-
dicted that UKP contains an ordered alpha helix region spanning
around the first 50 residues while flDPnn suggested that the
protein is entirely disordered. This region is especially relevant
when considering the confidence intervals of both programs.
AlphaFold’s only confident region was this first domain, and
the nucleic acid binding propensities on flDPnn for it were
nearly 1.0 while its disorder propensity was relatively high. This
suggests that this region shares properties with both training
datasets, which, if interpreted literally, would mean that the do-
main is both ordered and disordered. Despite this conflict, this
region may still interact with nucleic acids, as alpha helices typ-
ically interact with DNA or RNA and disordered regions have
been proven to interact with nucleic acids as well6,20. Because
of this possibility, UKP could potentially be involved in tran-
scription or translation processes that regulate the expression of
other proteins.

However, flDPnn is more likely to be correct in its prediction
of protein structure due to the large, low-confidence region in
AlphaFold’s output. This domain suggests that the majority of
UKP does not share properties with AlphaFold’s nearly entirely
ordered training dataset. No large, low-confidence region exists
for flDPnn, meaning that UKP has a higher likelihood of sharing
properties with its entirely disordered training dataset. As such,
UKP may be more likely to not contain an alpha helix.

However, the results generated from this study are only par-
tially conclusive due to the nature of the data collected. No
artificial intelligence model used had 100% accuracy, and the
database results were not significant enough to generate infer-
ences or conclusions about the functions of UKP or its inter-
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Fig. 10 FlDPnn Results for Protein CRT10. Match Begins at Residue 31 and Ends at Residue 71

Fig. 11 FlDPnn Results for “DNA-dependent protein kinase catalytic subunit.” Match Begins at Residue 29 and Ends at Residue
69. Notably, some Data is not Generated due to a Lack of Predicted Disorder
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Fig. 12 FlDPnn Results for “Shugoshin C-terminal domain-containing protein.” Match Begins at Residue 22 and Ends at Residue
62. Notably, Data is not Generated due to a Lack of Predicted Disorder

Fig. 13 FlDPnn Results for “Non-specific serine/threonine protein kinase.” Match Begins at Residue 28 and Ends at Residue 68.
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Fig. 14 FlDPnn Results for “TXP2 C-terminal domain-containing protein.” Match Begins at Residue 24 and Ends at Residue 63

Fig. 15 FlDPnn Results for “Putative histone acetyltransferase HAC-like 1.” Match Begins at Residue 34 and Ends at Residue 73
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actions in Landoltia punctata. Thus, though the structure of
UKP is very likely to be disordered, this study can only give
suggestions, not confirmations, for the protein’s function and
how it contributes to the overall survival of the cell. Further
research is appropriate to experimentally confirm UKP’s role in
LP.

Future Research

Experimental determination is the most appropriate way to con-
clusively determine the function of UKP and what other proteins
it interacts with within Landoltia punctata. Because the results
of this study suggest that UKP could potentially be involved in
common cellular processes, researchers could justify utilizing
expensive machinery to perform further testing.

First, a researcher could synthesize many copies of UKP. This
can be done by inserting JZ987503.1 into a bacterial plasmid,
where it can be transcribed and translated from a DNA sequence
to an amino acid sequence. This methodology is somewhat
common, having been used since the 1980s to synthesize pro-
teins coded in the plasmid genome33. Because JZ987503.1
was derived from a bacterial plasmid, the same plasmid could
be used when generating copies of the protein25. After collec-
tion, researchers could attempt to determine the structure of the
protein through NMR (nuclear magnetic resonance imaging).
Because NMR is uniquely in vivo and thus can be performed
in solution to avoid protein damage, it could also be used to
determine whether the protein is intrinsically disordered7. Af-
terward, researchers could use a pull-down assay, following the
methodology used by Louche et al., where UKP would be tagged
fluorescently, placed in an in vitro solution containing other pro-
teins from LP, and re-extracted via centrifuge if it binds to other
proteins16. By doing this, researchers could “pull down” and
identify interacting proteins, helping determine the relevance
of UKP within LP. Similar experiments can be conducted with
nucleic acids to determine whether UKP binds to DNA, RNA,
or both. Finally, researchers can conduct a western blot analysis
on UKP to determine where and when the protein is expressed
in LP.

Aside from UKP, future researchers could use the combina-
tion of flDPnn and AlphaFold as a preliminary step when con-
ducting proteome-wide analyses to identify potentially relevant
proteins. As the programs were demonstrated to be generally
accurate and can be run natively, quickly, and in parallel, they
could be used to predict binding propensities and structures be-
fore conducting experiments, allowing for stronger candidates
to be identified prior to experimental evaluation.

Limitations

The conclusions of this study are limited by the size of existing
databases and the accuracy of protein structure and disorder

predictors used.

Though the database matches showed relatively significant
results, due to their varying functions and the lack of highly
significant matches, conclusions cannot be confidently drawn
from the database searches alone. If this study were to be
performed in the future, the results for this step in the methods
would likely change as more proteins are investigated.

AlphaFold’s largely low confidence prediction suggests that
UKP does not share many properties with the proteins in its train-
ing dataset outside of its alpha helix region. AlphaFold trained
on experimentally determined structures from the Protein Data
Bank (PDB)9; 96.3% of the structures of the average protein on
PDB are ordered34. Thus, flDPnn, which exclusively trained
off of disordered proteins and predicted that UKP is intrinsically
disordered, is more likely to be correct across the entirety of the
protein. Although AlphaFold’s output warrants consideration
because of the high-confidence alpha helix, the program always
assumes the protein is ordered. Thus, the validity of its results
is questionable.

FlDPnn’s predictions are more likely to be correct, but the
program is not perfectly accurate. FlDPnn is the AUC curve
is 0.814, which is less than 1.022. Because flDPnn predicted
high DNA/RNA binding region propensities and also because
flDPnn’s AUC values for DNA and RNA binding are signifi-
cantly higher than its protein binding AUC values, the sugges-
tion that UKP binds to nucleic acids is the most likely to be
true. However, one must still account for the potential error of
flDPnn when considering the validity of the conclusions of this
study. Thus, the conclusion generated from the program remains
partial.

Furthermore, there is a possibility that JZ987503.1 is an in-
complete sequence. The sequence was derived from the reverse
transcription of messenger RNA (mRNA), which is directly syn-
thesized from a DNA sequence25. mRNA is an intermediate
step when converting a DNA sequence into a protein sequence.
Due to RNA’s instability, JZ987503.1’s mRNA complement
may have degraded and lost a segment of itself before UKP’s
start codon appears, meaning that UKP may actually start be-
yond the beginning of the published DNA sequence and UKP
could be significantly longer than JZ987503.1 suggests. This is
unlikely, as the preliminary NCBI BLAST search for the study
yielded similar, unnamed sequences of similar lengths in the est
databases. If this mRNA degraded, every other match in the
est database would have also had to degrade at almost the same
spot.

There is also a possibility that the protein coded by
JZ987503.1 is actually on ORF2 or ORF3. There exist other
proteins that have around 40 residues. Signal peptides, for ex-
ample, are around 20-40 residues long33. Though unlikely, it
is important to consider this possibility when evaluating the
conclusion of this study.
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Implications

Though the conclusions are at most partial, since UKP likely
interacts with nucleic acids, the protein could be involved in the
transcription or translation processes that regulate the expres-
sion of other proteins. In this case, understanding UKP’s role in
Landoltia punctata could help researchers better understand how
the plant can carry out cellular functions. For example, UKP
could work with other proteins to increase the production of
growth-controlling proteins during cell growth phases. If this is
true, knowing how UKP interacts in LP would potentially allow
researchers to modify the protein to increase protein output, thus
increasing the growth rate of LP and making the plant more
suitable for bioremediation and biofuel production2. Further-
more, if UKP helps regulate starch-producing or accumulating
proteins, researchers could optimize the starch storage process
in LP to make the plant more suitable for biofuel production2.
Similar lines of reasoning can be applied to other potential appli-
cations of LP. Though the results generated by this study are not
immediately valuable, this study suggests further research into
UKP due to its potential to be involved in these applications.

Methods

Since only the sequence of UKP is available, traditional experi-
mental methods were not feasible without a laboratory and the
tools necessary to synthesize JZ987503.1. Instead, this study
used secondary analysis in the form of database searches and
structure prediction models such as AlphaFold to determine
UKP’s structure, function, and relevance within LP. Because the
study solely relies on publicly available artificial intelligence
programs and secondary data, no further ethical considerations
were taken into account when gathering data.

First, the researcher translated JZ987503.1 into a protein
sequence by inputting the GenBank code into NCBI’s open
reading frame (ORF) finder. This step was also used to de-
termine the gap of this paper. ORF finder is a program that
considers all six possible reading frames of a DNA sequence
and visualizes all proteins that could be produced. Out of the
three possible sequences, ORF1 was the longest, with ORF2 and
ORF3 being around 40 residues long, shorter than the typical
protein domain34. This means that ORF1 is the most likely to
code for a functional protein sequence. To ensure this was true,
the author conducted a BLASTp search on each ORF output.
ORF1 outputted several, albeit uncharacterized, matches, while
neither ORF2 or ORF3 outputted any matches above 1E-05. So,
the researcher considered UKP to have the sequence of ORF1.
Refer to Fig. 16 to see all possible reading frames.

After determining the sequence of UKP, the researcher ran it
through the AlphaFold 2.3 Colab notebook to predict its three-
dimensional structure. Pentony et al. utilized structure predic-
tion models in a study to predict the structure of proteins, so

it can be inferred that using artificial intelligence is justifiable,
provided the limitations are considered5. Though the collab
notebook version of AlphaFold is slightly simplified, its accu-
racy on monomer strands is not affected9. The researcher used
the monomer folding option and set the iteration cycle count
to its maximum of 20 to ensure the highest accuracy. With the
generated structure, the researcher then searched several protein
databases to find similar proteins and compared their AlphaFold
predicted structures with the one of UKP. Using UKP’s FASTA
protein sequence, he conducted a BLAST search through all
publicly available protein databases that contain plant sequences:
the EBI AlphaFold database, all UniProt databases (including
UniProtKB, SwissProt, and tREMBL), the Protein Data Bank
(including computed structures), NCBI’s protein databases (nr,
tsa nr, landmark, refseq protein, etc.), the Database of Interact-
ing Proteins, DisProt and MobiDB (for IDPs), NextProt, Prosite,
Protein Information Resource (PIR), ModBase, SuperFamily,
and SCOP. The researcher then used the 3-dimensional .pdb file
produced with AlphaFold to search the FoldSeek and CATH
structure databases. If he found any matches with names that
denoted function, he ordered them in order of significance, de-
termined by the match’s E-value. Since he searched several
databases, he standardized the E-values for each match by using
NCBI’s “Align Two Sequences” tool.

The author also ran a control sequence on this simplified
Colab notebook to ensure the methodology would not produce
errors. He selected protein 1TKG, as it is similarly monomeric
and relatively short (224 residues long), to compare the accuracy
of AlphaFold35. When repeating the steps used with UKP,
the program outputted a result with an RMSD of 0.434 when
compared to the ground truth. This signals that this version of
AlphaFold is accurate with protein structure prediction and the
methodology used with UKP should not produce any errors.

However, the database searches yielded many named proteins
with different functions and similar significance and structures.
Furthermore, AlphaFold had a large, low-confidence region in
its prediction for UKP. See Fig. 17 for AlphaFold’s prediction
of UKP. AlphaFold’s low confidence region suggested that UKP
does not share many similarities with proteins in its training
dataset. Since AlphaFold trained off of PDB entries, 96.3% of
which are ordered, this result, along with the lack of signifi-
cant database matches, signaled that UKP may be intrinsically
disordered and that further analysis was necessary9,36. So, the
researcher ran UKP through flDPnn to help confirm or deny
AlphaFold’s prediction of UKP’s structure.

To once again ensure accuracy, 1TKG was run through flDPnn
with the same parameters as UKP. The program predicted that
1TKG was largely ordered and that the small disorder region
(which may be explained by the induced-fit nature of enzymes)
binds solely to RNA. As 1TKG is known to bind to modified
adenosines, this output supports the program’s accuracy35. See
Fig. 18 for the 1TKG flDPnn results.
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Fig. 16 NCBI’s ORF Finder Results Show that ORF1 is 129 Amino Acids Long

Fig. 17 AlphaFold Three-dimensional Prediction of UKP

Fig. 18 FlDPnn Results for 1TKG

FlDPnn predicted that all of UKP was disordered and that ap-
proximately the first 30 residues likely bound with either DNA
or RNA. Similarly, AlphaFold predicted that around the first 50
residues were an alpha helix. These predictions signaled that
the beginning of the protein was an area of interest, potentially
being the functional region in UKP. Furthermore, the last 52
residues were predicted to likely bind to proteins by flDPnn,
suggesting that this portion of the protein may also be func-
tional. To eliminate distracting matches, the researcher searched
the previous databases with just the first 41 residues, the mid-
point between the length of interest predicted by AlphaFold and
flDPnn, and just the last 52 residues, looking for named matches.
Like the full sequence search, he standardized the E-value by
using NCBI’s “Align Two Sequences” tool.

Once again, the researcher was given several results with sim-
ilar E-values but different functions. He had initially intended
to use BioGRID, a database of known protein interactions, to
determine what proteins UKP was likely to interact with, but
BioGRID only takes the name or code of a protein as a valid
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input. Unfortunately, because he could not find a distinct match
in my database searches, he could not confidently determine the
precise function or name of UKP and was unable to continue
with this step. This concluded the data collection process.
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