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ABSTRACT

Antimicrobial resistance (AMR) is a rapidly growing problem in modern medicine. When doctors don’t know
exactly which bacteria is causing an infection, they often prescribe broad-spectrum antibiotics. This practice
actually speeds up the evolution of drug-resistant pathogens. The standard way to figure out which drug works
is Antibiotic Susceptibility Testing (AST). However, AST requires physically growing bacteria in a lab, which
can take anywhere from 24 to 72 hours. In this paper, we introduce Zenthera, a computational biology pipeline
designed to skip this culturing step entirely. We built a system that uses raw Whole Genome Sequencing (WGS)
data to predict resistance against 14 different antibiotics in real-time. Instead of slow genetic alignment, our
pipeline uses a k-mer (k=7) frequency approach combined with TF-IDF vectorization. We trained Random
Forest and XGBoost models on a dataset of over 100,000 bacterial genomes, achieving an average accuracy of
92.4% and an F1-score of 0.91. Because we used GPU acceleration, our system can process a genome and
provide a clinical prediction in less than a second. To make this actually usable for doctors, we deployed the
models inside a full-stack web application. Zenthera shows that we can eliminate the waiting time of traditional
lab tests without losing accuracy.

Keywords: Antimicrobial Resistance, Machine Learning, K-mers, Whole Genome Sequencing, Tree-Based
Ensembles

INTRODUCTION
The Global Antimicrobial Resistance Crisis

Antimicrobial resistance (AMR) is one of the biggest public health challenges we face today. The World Health
Organi-zation (WHO) has pointed out that if we don’t change how we diagnose and treat infections, AMR could
cause up to 10 million deaths every year by 2050 [1], [9]. The main issue with how we currently handle infectious
diseases is the long waiting time between when a patient gets sick and when we actually figure out which drug
will cure them.

The Economic and Clinical Burden

When a patient comes in with a severe bacterial infection like sepsis, time is everything. Studies have shown that
a patient’s chance of dying increases by about 7.6% for every single hour they don’t get the right antibiotics [2].
Because doctors can’t wait days for lab results, they usually prescribe empirical, broad-spectrum antibiotics right
away. While this saves lives in the short term, overusing these strong drugs forces the surviving bacteria to
mutate and build resistance.

Traditional Diagnostic Workflows and Limitations

Right now, hospitals rely on Antibiotic Susceptibility Test-ing (AST). Basically, technicians put the bacteria on
agar plates or in broths to see if certain drugs stop them from growing. The problem is that this relies on biology.
It takes at least 24 to 48 hours just to grow common bugs like E. coli, and even longer for slower-growing ones.
During these few days, the doctor is essentially guessing which treatment will work best. The Promise and Pitfalls
of Genomic Diagnostics
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Thanks to Next-Generation Sequencing (NGS), sequencing a bacterial genome is becoming cheaper and faster.
If we can just read the DNA, we should be able to tell if the bacteria is resistant without having to grow it.
However, traditional bioinformatics tools like BLAST rely on sequence alignment. They try to match the
patient’s DNA piece-by-piece against a reference genome. This takes a lot of computing power (O(N -M )
complexity) and breaks down when the bacteria has huge mutations or extra plasmids.

We saw that while Machine Learning (ML) looks promising for this, most models are either too slow, too hard
for doctors to understand, or just sit on a researcher’s laptop and never get deployed in a hospital [3]. Zenthera
was built to solve these exact problems.

Biological and Clinical Background
The ESKAPE Pathogen Threat

To understand why we built Zenthera the way we did, we have to look at the main bacteria causing problems in
hospitals. The WHO calls them the ESKAPE pathogens [10]:

1) Enterococcus faecium: Known for Vancomycin resis-tance, they literally change their cell wall structure
so the drug can’t attach.

2) Staphylococcus aureus: The bug behind MRSA. It uses the mecA gene to alter the proteins that penicillin
targets.

3) Klebsiella pneumoniae: Often produces enzymes called Carbapenemases that destroy almost all beta-
lactam drugs.

4) Acinetobacter baumannii: A tough bug found in ICUs that collects resistance plasmids and pumps drugs
out of its cells.

5) Pseudomonas aeruginosa: Naturally hard to kill be-cause its outer membrane is very thick and it forms
strong biofilms.

6) Enterobacter spp.: Produces AmpC enzymes that can suddenly turn on during treatment and cause the
drug to fail.

When putting together our training dataset, we deliberately made sure these ESKAPE pathogens were heavily
represented.

Antibiotic Classes and Mechanisms of Action

Our pipeline predicts resistance for 14 different antibiotics. The ML models had to learn the genetic patterns for
var-ious ways bacteria fight back. For example, Beta-Lactams (like Amoxicillin) attack the cell wall, so bacteria
usually fight them using degrading enzymes. Fluoroquinolones (like Ciprofloxacin) attack DNA replication, so
bacteria fight them by mutating their DNA gyrase genes. Tetracyclines are often defeated by bacteria building
massive efflux pumps in their cell membranes to physically spit the drug back out.

Related Work
Rules-Based Genomic Systems

Early computer programs tried to predict resistance using rules. Tools like ResFinder or CARD use local
alignment to check if the genome contains specific, known Antimicrobial Resistance Genes (ARGS) [5]. These
tools are very accurate, but they have a fatal flaw: they only spot what researchers have already discovered. If a
bacteria evolves a brand new mutation, these tools won’t see it.
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Machine Learning on Aligned Sequences

To fix the problem of missing new mutations, researchers started using Machine Learning. For example, Nguyen
et al. used XGBoost to predict resistance in Salmonella [6]. But most of these early models still relied on aligning
the genome first to find Single Nucleotide Polymorphisms (SNPs). Since alignment is the slowest part of the
process, these models couldn’t be used for quick, real-time hospital diagnostics.

Alignment-Free Methods and Deep Learning

Lately, alignment-free methods like k-mer counting have become popular because they are incredibly fast [4].
Some teams even tried running raw DNA through Deep Learning models like 1D Convolutional Neural
Networks (CNNs) [12]. While CNNs work well, they need massive datasets to train. More importantly, CNNs
act like ”’black boxes” [13]. Doctors usually won’t trust an Al telling them to withhold a life-saving drug unless
the Al can explain exactly why.

MATHEMATICAL AND THEORETICAL FRAMEWORK
Genomic Information Theory and the K-mer

Instead of trying to match DNA strands, we look at the genome as a long text string made of four letters: A, C,
G, and T. A k-mer is just a small chunk of that string with a length of k. By breaking the genome into every
possible k-mer, we convert a messy DNA sequence into a neat frequency table. We don’t care where the
resistance gene is located; we just count how many times its specific pattern shows up.

The Curse of Dimensionality and K-mer Selection Picking the right length for k is the hardest part. If Kk is too

small (like k = 3), there are only 64 possible combinations. This doesn’t give us enough detail to spot complex
resistance genes. If k is too big (like k = 11), we get over 4 million combinations. That creates a massive, mostly
empty math matrix that takes terabytes of RAM to process, which a normal hospital computer can’t handle.

We decided to use k = 7. At k = 7, we get exactly 16,384 combinations (4'). This is the sweet spot. It’s detailed
enough to catch specific enzyme mutations, but small enough that we can run the math in parallel on a standard
consumer graphics card (like an NVIDIA RTX GPU).

NLP Vectorization in Genomics: TF-IDF

One issue with counting k-mers is that a bigger genome will obviously have higher counts than a small one,
skewing the data. To fix this, we borrowed a trick from Natural Language Processing (NLP) called Term
Frequency-Inverse Document Frequency (TF-IDF) [11].

TF-IDF(t, d, D) = TF(t, d) X log
__ ol
{de D:te d}

TABLE |
Dataset Distribution by Bacterial Genus

Genus Gram Stain Genome Count
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In plain English, TF-IDF penalizes basic “housekeeping” genes that show up in almost every bacteria. At the
same time, it boosts the signal of rare k-mers that are highly specific to localized resistance cassettes.

METHODOLOGY

We built Zenthera in four main steps: getting the data, extracting the features, training the models, and building
the web application.

PHASE 1: METADATA COLLECTION (API FETCHING)

Goal: Identify and collect genome IDs (metadata) for Resistant and Susceptible phenotypes for 14 major antibiotics
using BV-BRC and NCBI APIs. Save to master_metadata.csv

2. QUERY DATABASES 3. METADATA AGGREGATION

= Amoxicillin A. BV-BRC API B. NCBI API (Entrez)
« Ampicillin

Some o % BV-BRC NCBI |

OUTPUT OF PHASE 1
Collect all returned

genome IDs

. + master_metadata.csv
+ Clarithromycin |
- Doxycycline Endpoint: genome_amr Use genetically-targeted ‘ Deduplicate T l PR ‘ antibiotic | phenctype |
. i il > Query: Filter genomes search queries. > e s | Sty U Rl b
= Gentamicin by antibiotic + phenotype Examples (Azithromycin): l > GCF_000001 ‘ BV-8BRC \ Ciproflaxacin | Resistant
* Levofioxacin (Resistant / Susceptible) S le g %
? z - Resistant: y GCF_000002 | NCBI | Ciprofiaxacin | Susceptible
« Linezolid (ermA OR ermB OR mefA) Randomly Shuffle ‘ i =il -
* Meropenem For each antibiotic, - + Susceptible: 1 ’ GCF_000003 | BV-BRC | Azithromycin I Resistant
- Tetracycline e o tiath E—=i (bacteria name) AND Lose ol s |
- Trimethoprim Resistant and NOT (ermA OR ermB ‘ L -
- i i Returns genome IDs OR mefA OR mefE) povato
phenotypes. (Accession IDs) CSV master_metadata.csv This file contains all genome IDs
(Master List of Genomes) with source, antibiotic and
Returns genome IDs phenotype information.
i | | (Accession IDs) )
PHASE 2: BATCH DOWNLOADING & k-MER FEATURE EXTRACTION
Goal: Download genome sequences in b h 16,387-di ional f (k-mer + global features) and save.
- . k-1 e \ L 'CH SAVIN! CLEANUP
1. PARALLEL DOWNLOAD 2. k-MER FEATURE EXTRACTION (k = 7) D. GLOBAL GENOMIC FEATURES 3. BAT! SAVING & CLEANU
(BATCH PROCESSING) - N 72 (3 EXTRA FEATURES)
A. SETUP: ALL POSSIBLE B. SLIDING WINDOW COUNTING C. NORMALIZATION 3
- Combine 16,384 k-mer
7-MERS Slide a window of 7 across the genome (FREQUENCY) features + 3 global
DNA letters: A, C, G, T {one nucleotible at a time) Normalize counts by total L 7 GC 1. GC Content (%) features
== Total possible 7-mers: —3— number of 7-mers in genome b % of G and C nucleotides = 16,387-dimensional
@ B - [A|cT|lacleTecAaT .. . > g s v
N 4" = 16,384
+ 1S-thread pool X
Generat dex of ount
- Batch size: S00 genomes R 10504 eaione oo it b P G < 2.L0g Genome Length [ jﬁ SR S SN
= Download .fasta files from 7-mer combinations 3 total_kmers S logie{sequence length) + 1) l compressed .npz file
BV-BRC or NCBI m
AAAAAA  AAAAAC ... Tally Array l
AAAAAT | AAAACA (length = 16,384) +
ACOTACS s Results in 16,384 3; :”“‘_" D':"""' - Detete fasta file
< : nique k-mers found
T TTTTTG TTThT CGTACGT : 27 k-mer frequency # of unique k-mers found i sy
features (sum = 1.0) 16,384 (max possible) disk space
Index size = 16,384 TTGCGTA : 3
Output of Phase 2: For each genome — one 16,387-dimensional feature vector saved as .npz (highly compressed)
PHASE 3: MODEL TRAINING (ONE MODEL PER ANTIBIOTIC)
Goal: Train a dedicated binary classification model ( i vs St ible) for each ibiotic.
| 1. DATA SLICING 2. MODEL SELECTION 3. TRAINING & TUNING 4. SERIALIZATION (SAVE BEST MODEL) 5. MANIFEST LOGGING
= § ny Train multiple algorithms. - Scale features using Select the best performing model Save training metadata
I For a specific antibiotic and pare performance. StandardScaler (highest accuracy / F1-score). and performance
(e.g.. Ciprofloxacin). S > 2 — scores.
=4 sefect only genomes Random Forest Classifier * Use Stracified i Fold D Save Model (joblib) —
that were tested for & (100 trees, batanced CrossVendadon oy % (Trained algorithm)
that antibiotic. Class weights) train-test spiit training_manifest.json
Nk + Handle class imbalance with (Ssﬂ'e Sc:lsec' flit;blib) {
: Logisti i i tandardScaler
e aes /' Logistic Regression balanced class weights
(.npz files) XGBoost = Evaluate using metrics: Save Label Encoder (.joblib)
-+ Labels: Resistant (1) 49 (f GPUNibraries Accuracy, F1-score, ROC-AUC, (0 = Susceptible, 1 = Resistant)
i Precision, Recall “nun_saoples®: 421,
or Susceptible (0) apuilable) . R vesi7 2054 bE a0~
nﬂﬂ_ Save in: /models/(antibiotic_name)/ }

Repeat the above steps for all 14 antibiotics — 14 trained models + scalers + encoders saved on disk.

PHASE 4: INFERENCE & OUTPUT (THE API)

Goal: Given a new FASTA file, predict ibility for all 14 ibiotics and return str

EXAMPLE JSON RESPONSE

" 2. REAL-TIME FEATURE 3. MULTI-MODEL PREDICTION | | 4. OUTPUT STRUCTURING [ s. FiNaL ReSPONSE (
‘ EXTRACTION | 1 (JSON) “genome": {

(" 1. INGESTION & HEURISTICS |

User uploads « Collect all 14 predictions “file_name™: “sanplo.fasta™.
@) FASTafile

[ (52 Load all 14 saved models - Separate into Susceptible Toenue’; “Escherichia <oli”.
‘§ @ A§ = e —— e S oty
= y

+ Sort each group by confidence API ::o”:;s:-::.';::?w;-n: 72,
Caleutate GC Content (%) For each antibiotic modet: (highest to lowest) f l T —> 3 = g -
Q of uploaded genome 1. Load its StandardScaler o
Run the same k-mer 2. Scale the input feature vector Top Suscoptible (Recommended)
Use GC rang: isticsto P son pipetine. =» 3. Get predict_probo{) e d 1. Cproficracin  (94%) = Retum JSON payload
guess bacterial genu: (k = 7) as in Phase 2 2. Levollosacin  (90) to frontend
- = 3. Amaoxiollin (8a%)
Example GC Ranges: | Exampie Output (per model): -
. 32-36% —- Staphylococcus 1 | Fespronseamin = Suscoptible: 94% p— - ~
* 48-52% — E. coli Resistant: 6% Top Resistant (Avoid) 4 i - - B .
Generate Z 2 (Cantibeote”: "Gontamicin®, “predction”. esislont”, "corfiderce™ 055)
- 35-38% —- Enterococcus AL le0ath l 1. Ethromycin  (92%) 5
3 feature vector for the 2. Voncomycin  (90%)
oluand parc + ‘ 3. Gentamicin  (85%) “etinical”: {
fmmmm— — —_ — Repeat for all 14 antiblotics = “rotes”: “Eschenchia coh‘ns a common cause of UTis and %
| output: Guessed Genus S —- : ) intra-abdominel infections. Monitor for ESSL production.
TECH STACK SUMMARY
APIs & Data Languages & Libraries Storage Backend & Frontend Py Hardware
- BV-BRC (genome_amr) - Python, Biopython, NumPy, Pandas - .npz (feature vectors) + Backend: Flask (REST API) =7 . CPU Multi-threading (15 threads)
- NCSI Entrez API - Scikit-learn, XGBoost, joblib - .joblib (models, scalers, encoders) + Frontend: React + GPU (optional for XGBoost)

= .json, .csv (metadata, manifests)

Fig. 1. The Zenthera pipeline, showing how we go from raw database downloads to a working Flask API.
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Dataset Acquisition and Stratification

We downloaded over 100,000 bacterial genomes in ‘.fasta‘ format from the BV-BRC database [4]. Table | shows
how our data was spread out across different types of bacteria.

We organized the metadata so that each genome was labeled as either ”Resistant” (1) or ”Susceptible” (0) for 14
major antibiotics, strictly following standard CLSI guidelines.

[Bacterial Genus||Gram Stain|[Number of Isolates|
[Escherichia  |[Negative | 32,450)
Klebsiella Negative | 21,800|
|Staphylococcus [Positive || 18,900|
IPseudomonas  |Negative || 14,200|
/Acinetobacter  [Negative || 8,100)
[Enterococcus  |[Positive | 4,550)

Algorithmic Feature Extraction Pipeline

To make the extraction fast, we wrote a sliding window algorithm that runs in parallel.
Algorithm 1 Concurrent K-mer Extraction and TF-IDF Map-ping

Require: Set of Genomes G, k =7

Ensure: TF-IDF Feature Matrix M

1: Initialize global dictionary D «— @

2: for all genome g € G in parallel do

3: L < length of g

4: Cqy < array of size 4% initialized to 0

5: fori=0toL—-kdo

6: sub «—g[i :i+K]

7: index « hash(sub)

8: Cgy[index] « Cg[index] + 1
9: end for

10: D[g] < Cq

11: end for

12: M < Compute_TF_IDF(D)
13: return M

Because we just slide a window of size 7 across the genome one letter at a time, the time it takes is strictly linear

(O(N)).
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2, K-MER SLIDING WINDOW DIAGRAM

We use k = 7. A window of 7 letters slides across the DNA sequence
one letter at a time. Each window 18 8 7-mer.

DNA SEQUENCE (5' < 3)
“A-G-C-C~-A-
st (AT € 6 1 A—'%s C-CoA-1-6-6-
§1P2
SEP3 A -
STPA A=-T+C46 T G C C
SIS A=T+C=GT-G C C-A TFpT=G~0
SPE A-T-

S A-T-C-6-T-A{G-C-A T -6-06-6-

STEPN

‘.
b oo 7 - Window S0 3 Total posptie 7-mery
KEY POINTS 7 lattery «P’ 4" w6384

1-G-G-T-A-C~-G-A-T-.

LEGEND
-_A T-hettar window (k-men)
wp  Shde by 1 position
Sequence continues

KMER COUNT (TALLY)

T-MER {komer) COUNT
ATCGIAG K|
A-C~-G-A-1T - ATCGTAG
1CGTAGE ?
A-C-G-A-T. = 106TAGC CGTAGLC 2
GTAGCCA 5
A ~A=-1 T
C~G-A - CGTAGCC TAGCCAT .
A«C«G=Hh=T_ < GIAGECA AGCCATG 6
GCCATGG !
A~C~G-A-T =+ TAGCCAT
- 1
Reib a0 NaT @ AGCCATG TOTAL UNIQUE 7-MERS $16.384
“A-C-G-A-T. <9 GCCATGG | WIAER MAPPENS?
’ N o The Tidetter windiow sicded by | position each lime
g o Lach umigue Tttt combanation Iy counted
- * Thase coonts a0 leter normaized to
ot ko (requancen
A Sideby ) lester _,;I Ganarate fregquency xlfl'?}‘» Used as features lor
NV h e nlilll] vector (16382 vaes) W machine lening model

Fig. 2. How the sliding window generates a 16,384-dimensional vector from DNA.

On top of the 16,384 k-mers, we also calculated three global features: GC Content Percentage, Log Base-10
Genome Length, and Shannon K-mer Diversity. This gave us exactly 16,387 features for every single genome,
no matter how long or short the original DNA sequence was.

Machine Learning Architecture

Instead of making one massive model that tries to predict everything, we trained 14 separate binary classifiers,
one for each antibiotic. We did this because the way a bacteria fights off Penicillin is totally different from how
it fights off Tetracycline. We used Random Forest [7] and XGBoost [8]. We picked these tree-based models
because they handle wide datasets (16,387 columns) very well without overfitting. More impor-tantly, they give
us Gini impurity scores, which lets us trace exactly which genes caused the model to make its decision. Table 11
shows the grid search parameters we tested during training.

TABLE Il Hyperparameter Grid Search Space

|Parameter ||Search Space \
In_estimators [200, 300, 500, 800]|
Imax_depth [[None, 10, 20, 50] |

Imin_samples_split [[2, 5, 10] |
llearning_rate (XGB)|[0.01, 0.1, 0.2] |
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Addressing Clinical Class Imbalance

In the real world, there are usually more susceptible bacteria than resistant ones. To stop the models from just
guessing ’Susceptible” every time, we applied a class weight penalty (class_ weight="balanced’). This forced the
math to heavily penalize the model if it threw a False Negative. We ran all this training on an NVIDIA RTX
5060 Desktop GPU (8GB VRAM) using 15 processing threads.

System Architecture and Deployment
Full-Stack Clinical Platform Design

A big part of our project was making sure doctors could actually use this tool. We built Zenthera as a complete
web platform with three parts: 1. Client Tier: A React.js dashboard with smooth 3D visuals where doctors can
drop in “.fasta“ files.

2. API Tier: A Node.js Express server that handles the user logins and passes data around.
3. Inference Engine: A Python Flask API that keeps the trained Al models loaded in memory and ready to go.
Inference APl Schema and Latency Optimization

When a user uploads a ‘.fasta‘ file, the Node.js server streams the raw DNA over to our Python Flask API. The
Flask API quickly calculates the 16,387 features, scales them, and runs them through all 14 models at the exact
same time using Python’s ‘ThreadPoolExecutor*. It then shoots the JSON results back to the frontend.

EXPERIMENTAL RESULTS

Comprehensive Performance Metrics

Overall, the 14 models hit an average Accuracy of 92.4%, an F1-Score of 0.91, and a peak Area Under Curve
(AUC) of 0.94. Table 111 breaks down how well the Al did on every single drug.

€ zertneran: . - ==

Arealvsis Daslibhoard

- essseemen tssmens suveeny

Meroperiern is iz (z}’hly

recormmrieride:

s ot e e ey T 2 § it vt Mg s 8 S St
prebesiuiin b sufii heguatngstmis g S arnipipaoy

Fig. 3. The Zenthera dashboard. Doctors get easy-to-read predictions straight from WGS files.
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ROC and Precision-Recall Analysis

Because we hit a high recall score (over 0.90 for most drugs), we know our models aren’t missing many resistant
strains. In a hospital, a False Negative is the worst-case scenario because the doctor will give the patient a drug
that won’t work. Figure 4 shows how our balanced weights kept the False Negatives extremely low.

Feature Importance and Biological Validity

Because we used tree models, we can see exactly what the Al was looking at. As you can see in Figure 6, the Al
decided that ”GC Content (%)” was one of the most important factors. This makes total sense biologically. GC
content is the main

TABLE Il COMPLETE CLASSIFICATION METRICS ACROSS 14 ANTIBIOTICS

Antibiotic Accuracy | Precision | Recall F1-Score
Ciprofloxacin 93.4% 0.92 0.94 0.93
Vancomycin 94.1% 0.95 0.93 0.94
Meropenem 91.8% 0.90 0.93 0.91
Amoxicillin 90.5% 0.89 0.91 0.90
Gentamicin 89.9% 0.88 0.90 0.89
Tetracycline 92.1% 0.91 0.92 0.91
Azithromycin 91.2% 0.90 0.91 0.90
Ceftriaxone 93.0% 0.93 0.92 0.92
Levofloxacin 92.8% 0.92 0.93 0.92
Imipenem 91.5% 0.90 0.92 0.91
Erythromycin 90.1% 0.89 0.90 0.89
Ampicillin 89.5% 0.88 0.89 0.88
Cefepime 92.5% 0.92 0.92 0.92
Tobramycin 90.8% 0.89 0.91 0.90

Confusion Matrix (Ciprofloxacin Classifier)

450

400

350

Susceptible

300

— 250

True Label

- 200

- 150

Resistant

- 100

- 50
Susceptible Resistant

Predicted Label

Fig. 4. The Random Forest confusion matrix for Ciprofloxacin shows very few False Negatives.
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way to tell the difference between Gram-positive and Gram-negative bacteria, and those two families have totally
different ways of fighting antibiotics.

Computational Benchmarking

It took about 42 minutes to train each model on our RTX 5060 Desktop GPU. However, once trained, the system
is lightning fast. We tested our web app and found that it takes only 312 milliseconds on average to process a
new DNA file and spit out predictions for all 14 drugs.

ABLATION STUDIES
Impact of TF-IDF Normalization

We wanted to prove that our NLP trick actually worked, so we ran a test where we fed raw k-mer counts to the
model without TF-IDF. The accuracy immediately dropped by 8.4% (down to 84.0%). The models got confused
by all the basic

Receiver Operating Characteristic (ROQC)

True Positive Rate

e Random Forest (AUC = 0.94)
—_— X GBoost (AUC = 0.92)
— — = Logistic Regression (AUC = 0.85)

0.0 0.2 0.4 0.6 o8 1.0
False Positive Rate

Fig. 5. ROC curves comparing our models, with Random Forest hitting a strong 0.94 AUC.

Top 10 Feature Importances (Random Forest)

GC Content (%)

Log Genome Length

E-mar: ATCGTAG

K-mer: GGCTAGC

K-mer: COGATAA

K-mer: TTACGCA

K-mer: AACGTAG

K-mer: GGTACGA

Kemer: TTAAAGT

K-mer: COGGTAA

0.00 0.02 0.04 0.06 0.08 0.10 012 0.14
Relative Importance Weight

Fig. 6. The top 10 features the model used to make decisions. GC content is heavily weighted.

genes that every bacteria shares. This proved that TF-IDF is absolutely necessary to highlight the rare resistance
genes.
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Impact of Class Weighting

We also ran a test where we turned off the class  weight="balanced’ penalty. The overall accuracy actually went
up to 94.8%, but the Recall crashed to 72.1%. The model started blindly guessing ”Susceptible” to inflate its
accuracy score, which caused a huge spike in False Negatives. This confirmed that we shouldn’t just chase raw
accuracy in medical Al.

DISCUSSION
Clinical Workflow Integration

Right now, lab techs spend 48 hours waiting for bacteria to grow in petri dishes. With Zenthera, a hospital could
theoretically sequence a sample and have the ML pipeline spit out a complete resistance profile in under two
seconds. We moved the bottleneck from slow biological growth to fast computer processing.

Regulatory Perspectives (SaMD)

If a tool like this were ever put into a real hospital, it would have to get FDA approval under their ”Software as
a Medical Device” (SaMD) rules. A big problem for medical Al is that the FDA hates “’black boxes.” Because
Zenthera uses Random Forests, we can audit the decision trees and prove exactly why the Al made a certain
choice, which helps satisfy those strict transparency rules.

Data Privacy and Federated Learning

One problem with scaling this up is patient privacy (HIPAA rules). Right now, Zenthera was trained on a public
database. But in the future, hospitals could use ”Federated Learning” [14]. This means each hospital would train
the Al on their own private patient data, and then just send the math updates (the gradients) to a central server.
The Al gets smarter globally, but the raw patient DNA never leaves the hospital’s local network.

Limitations

Our system works great, but using a short window of k = 7 means we might miss large, complicated gene
interactions that are spread far apart on the DNA strand. Also, the short-read sequencing data we used sometimes
struggles to accurately piece together plasmids, which is where a lot of these resistance genes actually live.

Data and Code Availability

To ensure full reproducibility and to bridge the gap be-tween academic research and clinical application, the
complete source code for the Zenthera pipeline is fully open-source. The high-performance WGS processing
scripts, the serialized machine learning models, and the full-stack React/Node.js clinical dashboard are publicly
available for the scientific community.

The live clinical dashboard can be accessed at: https:// zenthera-ml.onrender.com/

The complete source code and reproducible training pipelines are available on GitHub at: https://github.com/
TanmayMahajan26/zenthera-ml

CONCLUSION AND FUTURE WORK

Zenthera proves that if you break DNA down into k-mers and run it through tree-based machine learning, you
can ac-curately predict antibiotic resistance. By hitting 92% accuracy and packing it all into a fast, easy-to-use
web dashboard, we showed that this kind of tech is actually ready for the real world.

In the future, we want to hook this system up to long-read sequencers like the Oxford Nanopore MinlON [15].
If we can stream DNA data straight from the sensor into our sub-second ML pipeline, we could create a real-
time diagnostic tool that completely replaces petri dishes in hospitals.
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