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Abstract: Ensuring the purity of pharmaceutical drugs is essential to maintain
their safety, quality, and therapeutic effectiveness. Remdesivir is a nucleotide
analogue antiviral drug used for the treatment of severe viral infections.
During synthesis, formulation, and storage, several process-related impurities,
degradation products, and metabolites may form. Impurities such as GS-
441524 and GS-704277 must be carefully monitored because their presence
may influence the safety, stability, and efficacy of the drug product.
Conventional analytical methods such as reverse-phase high-performance
liquid chromatography (RP-HPLC) are widely used for impurity profiling;
however, these methods typically rely on manual peak detection and
integration, which can be time-consuming and susceptible to human error,
particularly at low impurity levels. This work proposes an artificial
intelligence (Al)-assisted approach for the detection and quantification of
remdesivir impurities using RP-HPLC. In the proposed framework,
chromatographic data obtained from impurity and degradation studies are
processed using machine learning algorithms capable of automated peak
detection, baseline correction, and peak integration. By analysing chromato-
graphic features such as retention time, peak area, and spectral characteristics,
Al models can estimate impurity concentrations with improved efficiency.
This conceptual approach demonstrates the potential of AI to enhance
impurity profiling, reduce manual data processing, and support advanced
pharmaceutical quality control.

Keywords: Remdesivir, Artificial Intelligence, RP-HPLC, Impurity Profiling,
Machine Learning
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INTRODUCTION
Remdesivir

C2?H35N608P

Fig 1: Structure of Remdesivir

Impurity profiling is a critical aspect of
quality
impurities present in drug substances and drug
products may affect their safety and therapeutic
efficacy. During synthesis, formulation, and
storage, drugs may form process-related
impurities, degradation products, intermediates,

pharmaceutical assurance  because

and residual contaminants.! Regulatory authorities
require the identification and control of these
impurities to ensure drug safety and quality.
Remdesivir has gained global attention as an
antiviral agent used in the treatment of severe viral
infections.2 Due to its complex chemical structure
and synthetic pathway, several potential impurities
may arise during manufacturing and storage.
Therefore, sensitive and reliable analytical
techniques are required for the detection and
quantification of these impurities.?
Chromatographic techniques such as reverse-phase
high-performance liquid chromatography (RP-
HPLC) are widely used in pharmaceutical analysis
because of their high resolution, reproducibility,
and sensitivity. However, conventional
chromatographic data processing relies heavily on
manual peak integration and interpretation, which
may lead to errors in impurity detection,
particularly at low concentrations.* Recent
advancements in artificial intelligence (AI) and
machine learning have enabled automated analysis
of complex analytical data. Al algorithms can
identify patterns, detect peaks, and quantify
analytes more efficiently than manual approaches.
By integrating AI with chromatographic analysis, it
is possible to enhance impurity detection accuracy
and improve analytical efficiency. The objective of

the present study is to develop and validate an Al-
assisted RP-HPLC method for the detection and
quantification of impurities in remdesivir, thereby
providing an advanced analytical approach for
pharmaceutical quality control.5

CLASSIFICATION OF PROCESS,
DEGRADATION, AND METABOLITE-
RELATED IMPURITIES IN REMDESIVIR

During the synthesis, formulation, and
storage of remdesivir, several process-related
impurities, intermediates, degradation products,
and metabolites may be present. These
impurities must be controlled according to
guidelines such as ICH Q3A and ICH Q3B.¢

Below are the major impurities reported
for remdesivir.
1. Process-Related Impurities

These arise during chemical synthesis of
remdesivir.

Table 1: Process Related Impurities”

Impurity Description
Nucleoside analogue
GS-441524 formed by hydrolysis
of Remdesivir
GS-704277 Alanme r'netabohte
intermediate
Phosphoramidate | Related to
intermediate phosphoramidate
impurity prodrug moiety
Protecte.d Residual intermediate
nucleoside .
. . from synthesis
intermediate
Unreacted .. .
. Remaining starting
starting C . .
. material in synthesis
nucleoside
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2. Degradation Impurities
These form during stress conditions or
storage.

Table 2: Degradation Impurities®

Impurity Cause
Acidic or basic
Hydrolysis i i
ydrolysis impurity conditions
Oxidation with

Oxidative impurity .
peroxide or oxygen

Exposure to UV or

Photolytic impurity light

Thermal degradation

. . High temperature
impurity

3. Metabolite-Related Impurities
Table 3: Metabolite-Related Impurities

Metabolite Description
(GS-441524 | Major active metabolite
GS-704277 | Intermediate metabolite

These compounds may also appear
during stability studies or
experiments.

degradation

4. Potential Elemental Impurities
Elemental impurities may originate from
catalysts used during synthesis.
Examples include:
e Palladium (Pd)
e Platinum (Pt)
e Copper (Cu)
e Iron (Fe)
These are controlled according to ICH
Q3D.

Al wuses the
physicochemical properties of each impurity
(such as polarity, molecular weight, UV
absorption, fragmentation pattern, etc.) to detect
peaks, identify compounds, and calculate their
concentration from chromatographic data.’

QUANTITATION USING Al

In impurity profiling,

1. Input Properties of Each Impurity
AI models learn from the chemical and
analytical properties of impurities.’

Example impurities in Remdesivir
(GS-441524

GS-704277

Phosphoramidate intermediate
Hydrolysis impurity

Oxidative impurity

Table 4: Key properties used by Al

Propert Influence in
pery chromatography
Det i MS
Molecular weight etermines
signal
Controls retenti
Polarity / logP .on rols retention
time
Determines
pKa weterm
ionization
UV absorption Peak detection in
wavelength HPLC
Fragmentation Identification in LC-
pattern MS

2. Data Collection for AI Quantitation
Experimental chromatographic data are
used to train the Al model."!

Table 5: Typical dataset for Al Model

Impurity | Concentration (ug/mL) | Retention time | Peak area | m/z
GS-441524 0.2 5.1 345000 | 292
GS-704277 0.2 74 289000 | 443
Hydrolysis 0.1 65 152000 | 310

impurity

Al learns the relationship between:
Peak signal — Impurity concentration

3. AI Algorithms Used for Quantitation
a) Artificial Neural Network (ANN)

ANN impurity
concentration from chromatographic features.
Inputs:

models  predict
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e Retention time

e DPeak area

e Peak width

o UV spectra
Output:

e Predicted concentration.

Ex: Peak area + retention time — ANN

— impurity concentration.!?
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b) Random Forest Regression
Used for accurate impurity quantitation.
Features used:
e DPeak area
e Peak height
e Spectral intensity
e Mass fragmentation data.
Output: Concentration prediction.
Advantage: Handles complex chromatograms.?

¢) Support Vector Regression (SVR)

Used for impurity
quantitation. Best for: Impurities below 0.1%
level.1#

low-level

4. Al Peak Detection and Integration
Before  quantitation, Al
chromatographic peaks.

identifies

Deep learning model (CNN)
Tasks:
e Detect peaks automatically
e Separate overlapping peaks
¢ Remove noise from chromatogram.
Example:
Traditional integration error

l

Al identifies real peak boundaries

!

Accurate peak area calculation.

5. Calibration Model Using Al

e Traditional method:
e Linear regression calibration curve.
Al method:

Machine learning calibration model.

Table 6: Example dataset

Conc. (ug/mL) | Peak Area
0.1 150000
0.2 300000
0.3 450000
Al learns nonlinear relationships

between signal and concentration.

6. Al Quantitation Workflow

Step 1
Collect HPLC or LC-MS data

Step 2
Preprocess data

e Noise removal

e Baseline correction.
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Step 3

Al peak detection
Step 4

Peak classification: Identify impurity.
Step 5

Quantitation model: Al  predicts

concentration using trained regression model.

7. Example AI Quantitation Output 1520
Table 7: Al Quantitation Output

Impurity Predicted .
concentration (%)
(GS-441524 0.15
GS-704277 0.08
Hydrolysis impurity 0.05
AI-BASED CHROMATOGRAPHIC DATA
PROCESSING
Artificial intelligence (AD has
significantly improved the processing and

interpretation of chromatographic data obtained
from analytical techniques such as RP-HPLC and
LC-MS. In impurity profiling studies of drugs

like Remdesivir and its related substances
including GS-441524 and GS-704277, large
volumes of chromatographic data are

generated.?! Conventional data processing relies
on manual peak detection and integration, which
may introduce variability and errors, especially
Al-based

enables

when detecting trace impurities.
data  processing
automated, accurate, and efficient analysis of

chromatographic signals.?2

chromatographic

1. Data Acquisition

The first step in Al-based chromato-
graphic processing involves acquiring raw
chromatographic data the RP-HPLC
system. The chromatogram typically contains
information such as retention time, detector
response, and peak shape. This raw data forms
the input for Al-based analysis.?3

from

2. Data Preprocessing
Before  applying
algorithms, the chromatographic data undergo
preprocessing to improve data quality. This step
includes noise filtering, baseline correction, and
signal smoothing.* Techniques such as digital
filtering and polynomial baseline correction are

machine  learning

applied to remove background noise and improve
signal clarity. Proper preprocessing ensures that
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the Al model can accurately identify chromato-
graphic peaks.?

3. Automated Peak Detection

One of the most important steps in
chromatographic data processing is peak
detection. AI algorithms, particularly deep
learning models such as Convolutional Neural
Networks (CNN), are capable of automatically
detecting peaks in chromatograms.?® These
algorithms analyze signal patterns to identify
peak boundaries, even when peaks are small or
partially overlapping. Automated peak detection
significantly reduces manual interpretation and
improves detection sensitivity.’

4. Peak Integration

After peak detection, Al algorithms
perform peak integration to calculate the area
under each peak. The peak area is directly
related to the concentration of the analyte or
impurity. Al-based peak integration identifies
accurate start and end points of peaks, resulting
in more reliable quantitation compared to
manual integration methods.

5. Peak Classification and Identification

Al models can also classify detected
peaks based on their characteristics such as
retention time, UV spectra, and mass spectral
data. Machine learning algorithms such as
Random Forest and Support Vector Machines
can be trained using known impurity data to

identify specific compounds. This enables
automated identification of process-related
impurities, degradation  products, and

metabolites.??

6. Data Output and Quantitative Analysis

Once peaks are detected and classified,
the Al system generates quantitative outputs
including peak retention time, and
predicted concentration of impurities. These
results are used for impurity quantification and
quality assessment of the drug substance.®® Al-

assisted analysis improves reproducibility and

area,

reduces the risk of human error in chromato-
graphic data interpretation.®

7. Advantages of Al-Based Chromatographic
Processing

Al-based data
processing offers several advantages in phar-
maceutical analysis. It enables rapid analysis of

chromatographic

complex chromatograms, improves the detection
of trace impurities, and reduces manual
intervention.32 Additionally, Al algorithms can
learn from large datasets and continuously
improve their performance, making them
valuable tools for advanced analytical method
quality

development and pharmaceutical

control 3336

CONCLUSION

This proposal highlights the potential
application of artificial intelligence (AI) in the
detection and quantification of impurities in
Remdesivir using RP-HPLC. Impurity profiling is
an essential requirement in pharmaceutical quality
control, as trace levels of process-related impurities,
degradation products, and metabolites such as GS-
441524 and GS-704277 may affect the safety,
stability, and therapeutic efficacy of the drug
substance. Conventional chromatographic analysis
often relies on manual peak detection and
integration, which can be time-consuming and
subject to human variability. The proposed
approach integrates machine learning algorithms
with RP-HPLC chromatographic analysis to enable
automated peak detection, baseline correction,
peak integration, and impurity quantification. By
utilizing chromatographic features such as
retention time, peak area, and spectral information,
Al models such as Artificial Neural Networks,
Random Forest Regression, and Support Vector
Regression can be trained to identify and quantify
impurities more efficiently than traditional manual

methods. The integration of Al  with
chromatographic data processing offers several
potential  advantages, including improved

sensitivity in detecting trace impurities, enhanced
reproducibility, reduced time, and
minimized human error. Although the present
work outlines a conceptual and methodological
framework rather than experimental validation, it
Al-assisted
techniques could significantly improve impurity

analysis

demonstrates  how analytical
profiling of remdesivir.

Overall, the proposed Al-assisted RP-
HPLC approach represents a promising strategy
for modern pharmaceutical analysis. With
further experimental validation and model
training using real chromatographic datasets,
this approach could support more efficient
impurity monitoring, stability assessment, and

293



Venuharini.,/Int. ]. Pharmacy & Industrial Research, 15(1) 2026 [289-295]

quality control of remdesivir and related
pharmaceutical compounds.
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