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Background/Objective: Antibiotic resistance already kills over a million people a year, and the number keeps rising. However,
new solutions are emerging with the rapid growth in artificial intelligence, especially from deep learning. Our goal was to design
an antimicrobial peptide (AMP) with successful bactericidal activity using an artificial intelligence approach, specifically through
specialized physicochemical filtering, and then conduct in vitro testing.
Methods: Our initial step was to fine-tune an ESM-2 protein language model on four different negative training sets; this was
done intentionally to get the model to understand what an AMP should not look like. Everything else was held identical so an
accurate ablation study could be made on which dataset was most optimal to use. From the best model, we generated roughly
1,000 candidate peptides and filtered them by physicochemical properties and hemolysis risk. The top candidate was then tested
against six bacterial strains using spot assays, quantitative log-kill assays (n = 3), and hemolysis assays.
Results: The DisProt-based negatives classified best, with an F1 of 0.981 and a ROC-AUC of 0.987. Our lead candidate,
AMP 031, which we named NeKtar-1 (GRWGFGWARIRGSVGFGKK), shares only about 31.6% maximum identity with any
known AMP. In the lab, it killed drug-resistant E. coli ATCC 35218 (greater than a 4.1-log reduction, MBC 125 µg/mL) and
P. aeruginosa ATCC 27853 (greater than a 4.9-log reduction, MBC ≤ 31.25 µg/mL), with no activity against Gram-positive
species. Its HC50 was around 48 µg/mL, giving a therapeutic index of 0.38 against E. coli and 1.5 against P. aeruginosa.
Conclusions: All three computational hemolysis-prediction tools we tried classified NeKtar-1 as non-hemolytic when it was not,
exposing a key flaw in how these tools handle amphipathicity. Ultimately, this study shows that a successful, viable antimicrobial
peptide can be designed from a machine-learning pipeline, and that current hemolysis predictors need to be treated with caution.
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Introduction

This year alone, antimicrobial resistance has resulted in 1.27
million deaths worldwide, and by 20501,2, it will lead to 39
million deaths cumulatively. Bacteria are typically broken into
two main categories, Gram-negative and Gram-positive, with
Gram-negative pathogens like P. aeruginosa and E. coli be-
ing notoriously challenging to combat, as the bacteria’s cell
envelope has the capacity to resist penetration by multiple
drugs. Both are included on the WHO’s priority pathogen
list3, and recent progress in the traditional approach of de-
signing drugs against specific targets has stalled4,5. AMPs
approach a problem by creating a different mechanism from
what other conventional antibiotics use6. They target the bac-
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terial cell membrane through interaction with the negative sur-
face charge on Gram-negative outer membrane lipopolysac-
charides (LPS), eventually causing it to form a pore in the cell
bilayer7.

An important deficit is that few researchers usefully com-
pare which negative training example should be used in
machine-learning AMP classifiers. They inform what model
learning is based on, but most use randomly shuffled (without
rationalisation of the reason, but an accepted iniquity within
the field) or purely arbitrary ones8. Not only that, but even
less validate results experimentally9–12. It is currently, there-
fore, not guaranteed that calculated targets are real (i.e., ac-
tive, predicted to lyse, the process produces a good peptide
beyond ideal in-silico score). We compared four negative set
choices in the training of ESM-2, finding DisProt disordered
sequences to be optimal, and employed this pipeline to both

© The National High School Journal of Science 2026 | 1



discover a novel peptide and empirically characterise it.
In this study, we had 3 objectives: Compare the 4 nega-

tive sampling methods of ESM-2 fine-tuning systematically
on all else being equal; use the best condition to create and
rank-filter de novo AMP candidates with a multi-stage physic-
ochemical pipeline; and experimentally characterize the top-
ranking candidate’s potential in terms of bactericidal activity,
Gram-selectivity, and hemolysis.

Methods

Computational Pipeline

Dataset Construction
We built our dataset of 11,265 experimentally validated

AMPs from 2 databases: APD3 (5203 entries)13 and DRAMP
2.0 (6062 entries)14. Some entries in DRAMP are derived
from computational prediction and annotation; all entries that
passed our deduplication threshold were kept and noted as a
potential source of noise. After deduplicating, we filtered be-
low 30% identity to get a set of 3,868 non-redundant AMP
sequences. A 30% pairwise identity cutoff is used commonly
as a rule-of-thumb; above 40% of the set becomes mostly
close family sequences, while under 25% would mean throw-
ing away a great deal of data. Four negative sets, each 1000
sequences long, are generated: composition-matched shuffled
AMPs, intrinsically disordered proteins from DisProt15, se-
quences with equal-frequency randomly drawn residues, and
a set with an equal number of each of the first three sequences.

Model Training and Ablation Study
For our machine learning model, we employed the
pre-trained 35M parameter model of ESM-2 (face-
book/esm2 t12 35M UR50D), trained on 250M protein
sequences16, and appended a classifier head which returns
AMP or non-AMP. The four configurations were fine-tuned
equally using HuggingFace Transformers17 for 3 epochs with
a learning rate of 2× 10−5, training batch size 8 (eval batch
size 16), 85/15 stratified split, and a random seed of 42. This
is an ablation study, wherein we change only the negative set
while all other hyperparameters are kept the same. We assess
them based on F1-score and ROC-AUC.

Candidate Generation and Filtering
We selected 1,000 sequences using rule-based sampling to try
to achieve a composition of 30% cationic, 50% hydrophobic,
and 20% flexible amino acid residues. We filtered the se-
quences in this order: an ESM-2 confidence score above 0.90
(999 sequences remain); a net charge from +2 to +9 (754 se-
quences remain); a GRAVY value18 of -1.0 down to +0.5 (528
sequences remain); a length between 18 and 30 residues (374
sequences remain). We filtered based on the 50 highest scores.

Novelty Analysis
Maximum pairwise identity compared with full APD3 was
calculated. A normalized Levenshtein distance was calculated
as well. Novelty of the k-mers was assessed by determining
the proportion of 5-residue fragments absent from a sample
of 500 sequences from the APD3 database (this is a sampling
estimate, not an exhaustive search).

Hemolysis Risk Scoring and Lead Selection
We calculated a composite hemolysis-risk score (from 0 to 1)
for each candidate on the basis of five correlates: GRAVY,
aromatic content, tryptophan density, net charge, and the
longest uninterrupted stretch of hydrophobicity. A selectiv-
ity score was calculated as the AMP-confidence times (1−
the hemolysis risk). A total of 18 out of the top 50 had a
risk of below 0.4. We selected 5 weighted metrics (selectivity,
35%; length-normalized performance, 25%; predicted salt tol-
erance, 20%; protease resistance, 15%; and ease of synthesis,
5%), calculated a composite score, and selected the highest-
ranking AMP as AMP 031 (with a score of 1.0925).

Experimental Validation

Peptide Synthesis
AMP 031 (GRWGFGWARIRGSVGFGKK) was commer-
cially synthesized by Biomatik using solid-phase peptide syn-
thesis, purified by HPLC to 88.88%, with identity confirmed
by mass spectrometry. As our study’s primary intention was
a proof-of-concept, this purity was sufficient for our study.
Once the peptide was synthesized and received, we dissolved
the peptide in sterile water to make a 500 µg/mL stock, and
then we stored it in a freezer at −20 ◦C. Right before we be-
gan our serial dilution assays, the stock was diluted using PBS
to factor in salinity.

Bacterial Strains and Culture Conditions
There were six strains that were tested. This includes E. coli
BL21 (a lab strain), E. coli ATCC 35218, P. aeruginosa ATCC
27853, A. baumannii ATCC 19606, B. cereus ATCC 4342, and
S. pyogenes D471. Each strain was grown overnight at 37◦C
in LB, a nutrient broth. Then we rinsed it in PBS, and adjusted
it to about 100 million bacteria per milliliter (OD600 = 1.0).

Initial Activity Screening
In the first experiment where we tested NeKtar-1, we plated
10 µL NeKtar-1 (250 µg/mL) on the dry LB agar on half the
plate and a PBS control on the other half. We let them in-
cubate overnight at 37 ◦C. We also set up halo assays to test
the antimicrobial ability of our peptide on the LB agar plate.
However, there were no halos on those plates after incubation,
so our immediate reaction was that NeKtar-1 simply does not
have any antibacterial activity. After finding killing in liquid
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assays, we realized that the peptide is too membrane-active
and did not readily diffuse through the agar. We did not see
a halo on those plates because the setup of the halo diffusion
assay was not compatible with NeKtar-1.

Quantitative Log-Kill Assays
Two-fold dilutions of NeKtar-1 were prepared ranging from
250 to 31.25 µg/mL in a 96-well plate format. We added
bacteria at an OD600 = 1.0, incubated for 10–15 min at room
temperature, plated 10-fold dilutions onto LB agar, and in-
cubated overnight at 37 ◦C. We defined the endpoint as the
minimum concentration causing at least a 3-log (99.9%) kill.
These are very quick log kill assays (10–15 min) as opposed
to formal MBC determinations (18–24 hours)19. We call these
MBC values by shorthand only because of the fast membrane-
associated activity of the peptides.

Hemolysis Assay
We incubated bovine red blood cells at 1% or 10% in PBS
at pH 7.4 with varying concentrations of peptide (from 31.25
to 250 µg/mL), added an equal volume of RBCs, and incu-
bated at 37◦C for 90 min, with the conditions identical among
tests. The positive control (0.1% Triton X-100) and the nega-
tive control (PBS) were used, and we measured absorbance at
545 nm. Moreover, HC50 was calculated based on linear inter-
polation on a log scale. We also used the equation HC50/MBC
as a representation of the therapeutic index (TI).

Computational Hemolysis Prediction Benchmarking
We submitted NeKtar-1 and our custom risk model to two
external servers, HemoPI 2.0 and ToxinPred20,21, and com-
pared their results with our results with the experimental one.
For this prediction, we do mention that neural predictors for
hemolysis, like HAPPENN22 or AMPDeep23, use similar sets
of features.

Biosafety
All work was conducted under BSL-2 containment at the Uni-
versity of Maryland IBBR, under IBC Protocol #176 and the
supervision of a principal investigator.

Results

Negative Sampling Strategy Significantly Impacts Model
Performance

Performance was largely affected by the choice of negative
sampling. The DisProt negatives yielded the highest perfor-
mance, with an F1 of 0.981 and a ROC-AUC of 0.987. Ran-
dom sequences had a slightly better ROC-AUC of 0.989, but
it had a lower F1 score of 0.975. The shuffled AMPs reached
an F1 of 0.945 and a ROC-AUC of 0.951, and the mixed set
performed the worst with an F1 of 0.931 and a ROC-AUC of

0.909. Ultimately, we chose DisProt as our final negative set
based on its F1 score, since that metric was most important
to us. However, this came from a single train/test split and
one seed (42), so cross-validation and confidence intervals are
still required to fully ensure accurate conclusions. We had ini-
tially expected a varied negative set to make the model more
accurate, but the opposite happened. Training on disordered
proteins that closely resembled real peptides seemed to teach
the model more useful distinctions, while the mixed set just
added noise.

Figure. 1 Ablation study bar chart comparing F1 and ROC-AUC
across all four negative sampling strategies.

NeKtar-1 Is a Novel Antimicrobial Peptide Candidate

A total of 1,000 sequences were initially generated, but
through each filtering step, the number of sequences progres-
sively decreased, first to the top 50, then to 18 low-risk op-
tions, and finally to a single sequence, AMP 031. This pep-
tide consisted of only 19 amino acids, having the best synthe-
sis feasibility and a composite score of 1.0925. It had a se-
quence of GRWGFGWARIRGSVGFGKK and was renamed
to “NeKtar-1.”

As part of this study, it was key to validate that NeKtar-
1 had a novel sequence. After we compared it to the APD3
database of known peptides, the closest match was only
31.6%, and a Levenshtein analysis confirmed the divergence.
Furthermore, for k-mer novelty, 19.5% of its 3-mers, 79.5%
of its 4-mers, and 98.3% of its 5-mers were absent from the
sampled reference, giving a composite novelty score of 0.678.

A helical wheel analysis was also performed. Using the
Eisenberg scale24, NeKtar-1 scored really low (µH = 0.092),
well below the ∼0.35 amphipathic threshold. In addition, the
high glycine content (6 of 19 residues, or 32%) interferes with
the regular folding pattern needed to form a helix25. With a
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Table 1 Performance comparison of four negative sampling strategies for ESM-2 fine-tuning. All training parameters held constant: 3 epochs,
learning rate 2×10−5, batch size 8, random seed 42.

Negative Sampling Strategy F1 Score ROC-AUC Notes
DisProt (disordered proteins) 0.981 0.987 Best F1 score; note: random sequences achieved marginally

higher ROC-AUC (0.989 vs. 0.987)
Random sequences 0.975 0.989 High AUC, lower F1
Shuffled AMPs 0.945 0.951 Composition-matched
Mixed negatives 0.931 0.909 Worst overall

Table 1b Candidate filtering funnel: reduction of 1,000 generated sequences to the lead candidate AMP 031 (NeKtar-1). Counts are shown at
each filtering stage.

Filtering Stage Criterion Threshold n remaining
1. Initial generation ESM-2 AMP confidence > 0.90 999
2. Net charge Net charge at pH 7 +2 to +9 754
3. GRAVY score GRAVY hydrophobicity index −1.0 to +0.5 528
4. Length Peptide length 18–30 AA 374
5. Top candidates Rank by AMP confidence Top 50 50
6. Hemolysis risk Composite hemolysis risk score < 0.4 18
7. Composite ranking Selectivity + synthesis + salt toler-

ance + protease resistance
Highest score 1 (NeKtar-1, score 1.0925)

Figure. 2 NeKtar-1 novelty visualization showing sequence identity
distribution, k-mer novelty progression, and composite novelty
profile. Note: k-mer novelty values are sampling-based estimates
derived from a 500-sequence random sample of APD3; they are not
exhaustive comparisons against the full APD3 database.

GRAVY score of −0.537 and the lack of a distinct hydropho-
bic face, it is likely that NeKtar-1 does not fold into a typi-
cal amphipathic helix26. Rather, we believe that because of
the net +5 charge, NeKtar-1 is able to bind electrostatically
to the negatively charged bacterial membrane, and the trypto-
phan and phenylalanine residues hold it in place.

NeKtar-1 Demonstrates Selective Bactericidal Activity
Against Gram-Negative Pathogens

Initial Host Range Screening
In the spot assays, NeKtar-1 cleared E. coli BL21, E. coli
ATCC 35218, and P. aeruginosa ATCC 27853, but produced
no clearing against A. baumannii, B. cereus, or S. pyogenes,

Figure. 3 NeKtar-1 discovery and validation pipeline. Overview of
the four-stage workflow from training data assembly through
experimental validation. DisProt-based negative sampling (Stage 1)
and pre-synthesis hemolysis risk screening (Stage 3) represent the
two primary methodological contributions of this work.

and, as noted, no halos, consistent with a contact-dependent
mechanism.

* E. coli ATCC 35218 carries TEM-1 beta-lactamase-
mediated ampicillin resistance. B. cereus ATCC 4342 was
reclassified as Bacillus tropicus by ATCC after experimental
use; it was designated B. cereus at the time of use. S. pyo-
genes D471 is from the Lancefield Streptococcal Collection,
Rockefeller University; it is not an ATCC strain.

Protocol Optimization Using E. coli BL21
To establish our assay and verify our ability to get “killer”
effects under our lab conditions before testing the real, low-
supply ATCC strains, we tested NeKtar-1 against E. coli
BL21, a lab strain with a known, relatively permeable outer
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Table 2 Host range of NeKtar-1 tested at 250 µg/mL. No-peptide
control spotted on opposing half of each plate.
Strain Gram Stain Clearing Zone
E. coli BL21 Negative Yes
E. coli ATCC 35218 (TEM-1 beta-
lactamase-mediated ampicillin resis-
tance)

Negative Yes

P. aeruginosa ATCC 27853 Negative Yes
A. baumannii ATCC 19606* Negative No
B. cereus ATCC 4342* Positive No
S. pyogenes D471 (Lancefield Strep-
tococcal Collection, Rockefeller Uni-
versity)*

Positive No

Figure. 4 Bactericidal activity of NeKtar-1 against E. coli BL21.
Data from multiple protocol optimization experiments (n = 3
biological trials; error bars represent SD; individual replicates
shown as open circles where n ≤ 3). Open triangles indicate below
detection limit (BDL, < 103 CFU/mL). Dashed red line indicates
the 3-log reduction threshold (≥99.9% kill).

membrane and an excellent test subject for early AMP re-
search. In repeated experiments with E. coli BL21, NeKtar-
1 was found to cause dose-dependent cell death, with total
eradication occurring at 250 or 125 µg/mL in a majority of
cases (lower dose results were more erratic). These results are
shown here as preliminary-formal endpoint experiments that
utilized the clinical ATCC strains listed below.

Quantitative Bactericidal Activity Against Clinical Strains
Preliminary validation studies were performed using the clin-
ically relevant strains E. coli ATCC 35218 and P. aeruginosa
ATCC 27853 on three biological replicates (n = 3). In two
of three replicates, the contamination appeared as separate
raised, opaque, mucoid, orange colonies easily distinguish-
able from target colonies; these colonies were removed by

Figure. 5 Bactericidal activity of NeKtar-1 against E. coli ATCC
35218 (TEM-1 beta-lactamase-mediated ampicillin resistance).
Points show mean log10 CFU/mL (n = 3). Open triangles indicate
BDL (< 103 CFU/mL). Dashed red line indicates the 3-log
reduction threshold. MBC = 125 µg/mL.

morphology, and those plates were not re-analyzed. Against
E. coli ATCC 35218, NeKtar-1 achieved greater than a 4.1-
log reduction at both 250 and 125 µg/mL, starting from
1.2×107 CFU/mL, corresponding to greater than 99.99% kill.
Given the inter-replicate variability, we conservatively report
the MBC against E. coli ATCC 35218 as 125 µg/mL. How-
ever, against P. aeruginosa ATCC 27853, NeKtar-1 was sub-
stantially more potent. It produced complete sterilization at
all four concentrations from a starting density of 8.0 × 107

CFU/mL, corresponding to greater than a 4.9-log reduction,
and this was reproducible across all three replicates. Because
sterility was reached at the lowest concentration tested, the
MBC against P. aeruginosa ATCC 27853 was at or below
31.25 µg/mL, at least four times more potent than against E.
coli.

Experimental Hemolysis Testing Reveals a Systematic
Failure of Computational Prediction

Hemolytic Activity of NeKtar-1
NeKtar-1 was initially a logical choice given our model pre-
dicting just 0.1 hemolysis, as it made the cut. In reality, how-
ever, NeKtar-1 was a potent hemolytic agent, showing increas-
ing hemolysis as the dose at 1% RBC: 27.2%, 64.3%, 73.7%
at 31.25, 62.5, and 125 µg/mL, respectively, and even 103.6%
lysis at 250 µg/mL. This resulted in an HC50 value of approx
48 µg/mL (∼22.6 µM given MW of 2122Da); above 100%
denotes maximal lysis or light filtering artifact, so replication
is advised as it is a single data point.
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Figure. 6 Bactericidal activity of NeKtar-1 against P. aeruginosa
ATCC 27853. Complete sterilization confirmed across all three
biological replicates at all concentrations tested. MBC ≤
31.25 µg/mL.

Table 3 Hemolytic activity of NeKtar-1 at 1% and 10% bovine RBC
concentration in PBS (pH 7.4). HC50 estimated by log-linear
interpolation between two data points (n = 1).

NeKtar-1
Conc.

(µg/mL)
1% RBC

(%)
10% RBC

(%)
250 103.6 110.6
125 73.7 35.6
62.5 64.3 8.6

31.25 27.2 3.8

At 10% RBC, the effect was much gentler at lower doses
(3.8% and 8.6%), pushing the HC50 up to about 143 µg/mL.

The resulting therapeutic index (HC50/MBC) was about
0.38 for E. coli and 1.5 for P. aeruginosa.

All Three Computational Hemolysis Prediction Tools
Failed to Predict Hemolytic Activity
All three computed programs gave a classification of non-
hemolytic for NeKtar-1; the custom model produced a risk
score of 0.1, HemoPI 2.0 computed a predicted HC50 of ap-
proximately 113 µM (∼240 µg/mL), and ToxinPred assigned
an SVM score of −1.28. Our actual results, on the other
hand, displayed the reverse; the computed HC50 in the ac-
tual experimental conditions resulted in a HC50 of roughly
22.6 µM, thus our experimental conditions indicate our pep-
tide was more hemolytic than anticipated, thus implying a sys-
temic failure as opposed to random error.

The key outcome of the tests was that our custom model
(with 0.1 probability) and HemoPI 2.0 (which predicted an
HC50 of 113 µM or 240 µg/mL) both gave “non-hemolytic”
classifications, as did the machine learning tool ToxinPred,

Figure. 7 Hemolytic activity of NeKtar-1 against bovine RBCs at
1% and 10% RBC concentrations. HC50 estimated by log-linear
interpolation: approximately 48 µg/mL (1% RBC) and
approximately 143 µg/mL (10% RBC).

Table 4 Comparison of computational hemolysis predictions versus
experimental result for NeKtar-1.

Prediction Tool Predicted
HC50

Classification Experimental
HC50

Custom model (this
study)

Risk score 0.1 Non-
hemolytic

∼22.6 µM
(∼48 µg/mL)

HemoPI 2.0 (Kumar
et al., 2025)

∼113 µM
(∼240 µg/mL)

Non-
hemolytic

∼22.6 µM
(∼48 µg/mL)

ToxinPred SVM score
−1.28

Non-toxic ∼22.6 µM
(∼48 µg/mL)

which reported a 1.28 score for the SVM and thus “non-toxic.”
These predictions all failed by ∼5fold in the opposite direction
from the true experimental value of 22.6 µM. Since the re-
sult failed consistently across the 3 models, we must conclude
it’s not a one-off error but a genuine deficiency in predicting
hemolytic potency.

Discussion

Summary of Results

This study shows that a machine-learning pipeline can pro-
duce a novel, experimentally validated antimicrobial peptide.
NeKtar-1 achieved greater than a 4.1-log reduction against E.
coli ATCC 35218 and greater than a 4.9-log reduction against
P. aeruginosa ATCC 27853, and it was Gram-negative selec-
tive. Our negative-sample results also found that DisProt neg-
atives had their best performance regarding F1. However, the
random sequence performed higher on the ROC-AUC scale
(we cannot make this claim confidently as we did not run
multi-seed statistics). Moreover, our hemolysis results man-
aged to extract a blind spot in the field related to the nature of
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amphipathicity.

Species-Selective Activity Suggests Outer Membrane
Composition as a Determinant of Susceptibility

NeKtar-1 kills Gram-negatives but not Gram-positives, which
fits the mechanism of cationic AMPs: they are attracted elec-
trostatically to the lipopolysaccharides on the Gram-negative
outer membrane, which Gram-positive bacteria do not have7.

NeKtar-1 was about four times more potent against
P. aeruginosa than against E. coli, likely because the
lipopolysaccharides of P. aeruginosa carry greater negative
charge, enhancing electrostatic attraction to the +5 peptide.
The therapeutic index was also better against P. aeruginosa
(1.5) than against E. coli (0.38).

Systematic Failure of Computational Hemolysis Predic-
tion Points to an Amphipathicity Blind Spot

If we look a bit closer into the amphipathicity blind spot, it’s
striking that the three independent methods we’ve tried (our
model, HemoPI 2.0 and ToxinPred), which operate differently,
both with different architectural choices and different datasets,
make the same error. This suggests there is a possible fault in
these tools. The reason why is likely that they work based
on bulk features, like the GRAVY score, for example. While
it may seem harmless to look at the GRAVY of NeKtar-1, it
does not account for how the residues are placed in the se-
quence. A peptide can have an overall low average hydropho-
bicity, but with a significantly hydrophobic face that sticks into
the membranes23. We recommend improving this by adding
a feature representing either the amphipathicity or features for
the secondary structure that are being predicted. Other neural
tools, such as HAPPENN22 and AMPDeep23, could share the
same limitation. Based on our findings, we also suggest that
any computationally designed antimicrobial peptide should go
through some sort of experimental testing.

Methodological Contributions and Recommendations

As a methodological suggestion, we propose that DisProt-
based negatives are superior because they represent the most
biologically plausible (real proteins and proteins with realistic
composition), whereas shuffled sequences are non-biological
and mixed sets send the wrong signals. We suspect that
the same would hold for other protein-language-model binary
classification problems. In addition, Sub-MBC tests against
P. aeruginosa will be carried out to characterize NeKtar-1 in
combination with the second version, NeKtar-2, which, from
the beginning of design, allows amphipathicity calculations
and validation of predicted hemolyses in large populations
of peptides. We also compared NeKtar-1 to a known AMP,

Magainin-2, which is well-studied and active against P. aerug-
inosa27. Magainin-2 has an MBC around 16 to 64 µg/mL,
an HC50 in the hundreds of µg/mL, and a therapeutic index
up to about 10, whereas NeKtar-1’s ≤31.25 µg/mL against P.
aeruginosa is comparable in potency but its therapeutic index
of about 1.5 is much lower and needs optimization. Reducing
its hemolysis would raise that therapeutic index.

Limitations

There were multiple limitations in this study. First, the rank-
ing of negative-sampling strategies is based on just one single
train/test split and one random seed, with no cross-validation
or confidence intervals. Doing more rounds of training and
testing would help make this finding more solid. Secondly,
the hemolysis measurements need additional repetition, as it
was only done once. Third, activity was measured in PBS
instead of something more like real body fluid or physiolog-
ical media, and the k-mer novelty is estimated from a 500-
sequence sample, so it is not exhaustive. Fourth, while usage
of bovine RBCs are standard for early-stage work28, testing
on human red blood cells could have yielded a more accu-
rate representation of the peptide’s hemolysis activity. Fifth,
there was no side-by-side comparison between NeKtar-1 and
another existing AMP or antibiotic, and the length, charge,
and hydrophobicity distributions were not matched across the
negative sets. Finally, the 88.88% synthesis purity was ade-
quate for this proof-of-concept but for future work, a purity of
≥95% would be more beneficial.

Closing Thought

For us, the takeaway message from all of this is the kill
rate. Seeing NeKtar-1 kill E. coli and P. aeruginosa, even
antibiotic-resistant ones, in a lab setting, is not just a pre-
diction. We also want to highlight that hemolysis should
come with caution. Many tools we tested classified NeKtar-
1 as safe, but it wasn’t. It means the three tools put too
much weight on just the number of charged and non-charged
residues and don’t capture how the amino acids are packed
in three dimensions. If that’s the case, designing peptides will
need to build in amphipathicity from the beginning, as the spa-
tial organization of the residues is so crucial to the function of
AMPs that otherwise the model essentially just leaves it to
chance.
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Appendix

Appendix A. ESM-2 AMP Classifier Architecture

Figure. S1 ESM-2 AMP classifier architecture. DisProt-optimized
model fine-tuned for binary AMP vs. non-AMP classification.

© The National High School Journal of Science 2026 | 9


