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Advancing sustainability through digitalization:
from drug development to patient care

Remo Eugster and Paola Luciani *

Digitalization is transforming the pharmaceutical industry, offering innovative solutions to enhance sus-

tainability across the pharmaceutical value chain. From drug discovery to patient care, digital tools such as

artificial intelligence (AI), machine learning (ML), blockchain, and digital twins optimize processes, reduce

resource use, and mitigate environmental and social impacts. In drug discovery, AI accelerates and opti-

mizes research while green chemistry initiatives prevent toxic waste. During manufacturing, predictive

maintenance and quality control boost efficiency, and digital tools ensure secure, traceable distribution

and enhance supply chain transparency. Within clinical care, AI-driven personalized medicine improves

patient outcomes and reduces inefficiencies, while digital health records, diagnostics, and therapies

promote healthcare equity and expand access. Collectively, these innovations align the industry with

global sustainability goals, advancing a pharmaceutical ecosystem that is more efficient, environmentally

responsible, and socially just. Yet challenges in energy demand, data equity, and regulatory adaptation

must be addressed to tap into the full potential of a digital transformation.

1. Introduction

Sustainability has emerged as a critical priority across indus-
tries, with the pharmaceutical sector being no exception.1–3 As

environmental concerns grow, the pharmaceutical industry
faces unique challenges, from high energy use and resource
consumption to toxic waste generation and the environmental
impact of drug disposal.4 With increasing pressure to meet the
United Nations’ Sustainable Development Goals (SDGs) and a
growing focus on the Environmental, Social, and Governance
(ESG) framework, pharmaceutical companies are rethinking
their strategies and exploring new ways to minimize their eco-
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logical footprint and enhance their social impact.2,5 In this
context, sustainability encompasses not only environmental
stewardship but also economic viability and social equity.
Digitalization, the integration of digital technologies to trans-
form processes, offers significant potential in this regard,
promising improvements in efficiency, cost reduction, and
reduced resource consumption across the entire value chain of
drug development, manufacturing, and patient care.6 A single
digitalization effort can often address several SDGs at once,
while also presenting new challenges.6

Pharmaceutical digitalization encompasses various techno-
logies, such as artificial intelligence (AI), machine learning
(ML), blockchain, digital twins, and automation, among
others.7 However, digitalization is not just about data hand-
ling, but also re-shapes chemical processes themselves, such
as reaction design or solvent choice.8,9 Hence, these tools have
a profound impact, driving sustainability through optimizing
processes, minimizing waste, and enhancing environmental
and social stewardship.7 Consequently, this review aims to first
introduce and contextualize key digital concepts for a broad
audience in the pharmaceutical sciences. Building on this
foundation, we then provide tangible examples and evidence
of how these specific tools are currently advancing established
sustainability goals across the entire value chain – from drug
development to clinical care and pharmacovigilance – creating
a more environmentally friendly, efficient, and equitable
pharmaceutical ecosystem (Fig. 1). The primary focus will be
on the journey from drug development onward, while readers
are referred to other recent publications for more detailed dis-
cussions on digitalization in drug discovery.10–15 Beyond show-
casing opportunities, this article critically examines challenges

such as energy demand, algorithmic bias, regulatory lag, and
digital inequities, which together determine whether digitali-
zation in pharma can truly advance sustainable development.

2. From drug development to
e-development
2.1. Digitalization for accelerated and green drug discovery

Traditionally, drug discovery is time-consuming and resource-
intensive. Digital technologies are transforming this process
through computational methods such as ML, quantum com-
puting, and in silico modelling.16,17 Specifically, the use of
these computational tools, such as Virtual Screening, acceler-
ates candidate identification while significantly reducing the
need for physical screenings. This acceleration is substantial:
bioinformatics has the potential to reduce the time from
target identification to preclinical trials from 6 years to 3–4.5
years, dramatically speeding up the overall discovery timeline
while saving resources.15,18,19 Furthermore, AI-driven
approaches are showing promising early results, with some
analyses indicating they achieve higher clinical success rates
compared to conventionally discovered drugs.18 While data for
phase III are limited, AI-discovered molecules tend to perform
twice as well in phase I reaching success rates of 80%–90%,
aligning with traditional success rates from phase II onward.18

These advances contribute to SDG 3 (Good Health and Well-
being) by speeding drug discovery, SDG 8 (Decent Work and
Economic Growth) by improving efficiency, and SDG 12
(Responsible Consumption and Production) by lowering
chemical use and minimizing lab waste.

Fig. 1 Overview of the pharmaceutical value chain from drug discovery to pharmacovigilance (PV), highlighting key digital tools and their contri-
butions to sustainability. Selected, corresponding United Nations Sustainable Development Goals (SDGs) are mapped to each stage, illustrating how
digital transformation can align pharmaceutical innovation with global sustainability targets.
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Digitalization also advances green chemistry by identifying
reaction pathways that minimize energy use and toxic waste.10

For example, Kumar et al. have demonstrated how bioinfor-
matics can be leveraged to optimize enzymes and achieve
3-fold improvements.14 Computational optimization aligns
discovery with sustainability goals by reducing environmental
impacts, with some deep learning tools needing as little as
10 min and 25 Wh power on a consumer laptop to train and
predict a candidate,20 directly supporting SDG 12. ML models
further assess environmental impact early, evaluating biode-
gradability and predicting ecological consequences to enable
preventive action.21,22 embedding sustainability into drug dis-
covery. For example, Gbadago et al. developed a model,
enhanced by reinforcement learning, to predict better and dis-
cover new biodegradable materials.22 Said model was able to
generate biodegradable materials, with a 95% success rate and
achieving an 87% area under the curve for the receiver operat-
ing characteristic, a key metric for evaluating sensitivity and
failure rates.22

Challenges remain: SDG 5 (Gender Equality) could be
undermined if training datasets carry historical biases,23,24

and AI tools risk misuse in designing toxic compounds.25 For
one, gender bias in big data can originate from various
sources, including biases in data gathering, treatment, or
model training, according to statements by the United
Nations.24 This issue is exacerbated by a lack of diversity in the
workforce developing these tools; only about 6% of software
developers at machine learning companies and 18% of
authors of AI content are female, adding to the issue of histori-
cal biases in training datasets.26 This issue is reflected in the
outcomes of the technology itself: gender biases appear in
approximately 20% of instances in large language model-
based approaches alone, according to UNESCO.26 Further, the
dual use of AI-powered drug discovery models presents a sig-
nificant risk: they have demonstrated the capability to design
and predict new compounds potentially more toxic than
current nerve agents, solely based on public databases and
without being trained on any war agents.25 Moreover, the
environmental burden shifts from experiments to the signifi-
cant energy demands of large-scale computation.27

Nonetheless, the benefits outweigh the risks, as AI-driven
approaches already show higher clinical success rates.18,27

2.2. From eDevelopment to eClinical trials

Beyond the initial screening of drug candidates, digital techno-
logies are now being applied throughout the entire drug devel-
opment journey, leading to more sustainable and efficient pro-
cesses. ML models, for example, can simulate animal models
or predict toxicity, significantly reducing the number of in vivo
tests required.28,29 Zhu et al. have used computational tools to
predict in vitro and in vivo behavior of amorphous solid disper-
sions and thereby optimizing drug delivery systems.30 This not
only cuts down on costs and time but also addresses ethical
concerns related to animal welfare, contributing to SDG 10
(Reduced Inequalities).28 Similarly, computational modeling
and AI are being used to optimize manufacturing scale-up,

predicting the behavior of a drug substance during production
and helping to identify the most effective excipients.31,32 For
instance, our laboratory leveraged molecular dynamics (MD)
simulations to model and simulate liposomal depot formation
and drug release within a physiological context, specifically
simulating the subcutaneous space.33 This in silico analysis
was completed within approximately four weeks of simulation
time, compared to months of work in the lab traditionally.33

This approach provided a clear, proven understanding of
system functionality in silico, which de-risked the subsequent
physical testing.33 By validating the system virtually, we were
able to conduct effective in vitro and in vivo tests and success-
fully advance the system through different species in vivo with
increased confidence and efficiency.33 Further, we leveraged AI
to predict critical quality attributes and process parameters
during microfluidic production of liposomes to accelerate
scale-up.31 Also, via explainable AI, we explored lipid behavior
and effects of process parameters on microfluidic liposome
production.31 These examples minimize material waste and
the number of physical trials needed to find the proper formu-
lation, reinforcing SDG 12 (Responsible Consumption and
Production).2,31,32

The application of digital tools extends even to clinical
trials. ML models can simulate patient responses, helping to
identify the most suitable patient cohorts and predict the
efficacy and safety of a drug, thereby streamlining trial
design.34–36 Patient recruiting is often the most time-consum-
ing and labor-intensive part of a clinical trial, with up to 20%
of trials failing to enroll a sufficient number of participants.36

This challenge presents a significant opportunity for accelera-
tion using digital tools. Digital solutions, such as the
Pathfinder tool, can instantly adjust participation criteria
without affecting the clinical trial’s hazard ratio.36 A case study
demonstrated the power of such tools by showing their capa-
bility to double the number of eligible patients for lung cancer
trials, among others, without increasing the hazard ratio.36 On
the other hand, digital twins of patients – digitally cloning a
patient – are capable of predicting how the same patient
would have progressed in the control group and have the
potential to reduce said patient groups by 20%–50%.36 In
addition, such tools also benefit patients enrolled in trials, as
they have a higher chance of receiving the new treatment
rather than the placebo.36 These are powerful drivers for SDG
3 (Good Health and Well-being). A crucial element of this
digital shift is the necessity for validation and a constant
supply of high-quality, reliable data to train these models.36

Without robust data and rigorous validation of the models, the
insights generated are unreliable, which could compromise
both patient safety and the efficiency gains sought.36,37

However, the ethical aspects of patient data used from data-
bases also need to be addressed.38 For example, issues with
the sharing of de-identified data have been highlighted, which
calls for stronger data access committees.38

The digitalization across the pharma value chain also has a
social impact on the pharmaceutical workforce.7 As compu-
tational methods become more central to the process, there is
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a growing need for new skills in data science, bioinformatics,
and AI.16 This is especially pressing with the AI market pro-
jected to rise by 26% over the next 5 years and 31% of R&D
workforce nearing retirement, as shown by Kearney.16

Companies are using digital training tools to upskill existing
employees and address the potential for job displacement due
to automation, ensuring that the workforce can adapt to this
new paradigm and continue to contribute to innovation.7,16

This is a direct contribution to SDG 4 (Quality Education) and
SDG 8 (Decent Work and Economic Growth).

3. Manufacturing
3.1. Pharma 4.0: the digital revolution in production

The pharmaceutical industry’s production processes are
undergoing a revolution with the advent of Industry 4.0, often
referred to as Pharma 4.0.39,40 This transition is marked by the
adoption of automation, data exchange, and smart manufac-
turing technologies.41 AI-driven process optimization enables
companies to identify bottlenecks and inefficiencies in pro-
duction, optimizing resource utilization and reducing environ-
mental waste as illustrated in Fig. 2.39–41 For instance, chemi-
cal reactions can be optimized rapidly through automation
and machine intelligence, saving precious resources, as
demonstrated by the Schwaller Lab.8,42 Here, Vaucher et al.
introduce a data driven model predicting entire sequences of
synthesis steps, for application in batch organic chemistry,

adequate for direct execution by either a human or automation
hardware in more than 50% of the cases.42 This progress is a
clear example of SDG 9 (Industry, Innovation, and
Infrastructure) and SDG 12 (Responsible Consumption and
Production) in action.

Another key advantage of digitalizing pharmaceutical pro-
duction is predictive maintenance.40 Maintenance costs typi-
cally range from 15% to 60% of total operating costs in manu-
facturing, offering a significant opportunity for savings when
handled efficiently.43 AI tools can provide early warnings of
equipment deterioration, helping manufacturers anticipate
repair needs and prevent unexpected downtime.40,43,44

According to industry reports, predictive maintenance can
prevent approximately 42% of production line errors, resulting
in significant reduction of production waste.43 Thereby, it
enhances line availability by up to 15% and results in a
reduction of maintenance costs of almost 25% due to service
activities being aligned with actual equipment needs.43 This
not only saves energy but also reduces material waste and
improves production efficiency. This also improves production
efficiency but also allows workforce to plan interventions
better.44

3.2. Quality control and digital twins

Quality control is another area where digitalization is making
a significant impact.40,44 Historically, quality assurance of
drug products relied on manual inspections, which suffered
from drawbacks related to inconsistencies, cost, quality, and
objectivity. Automated and AI-optimized monitoring systems
offer particularly promising opportunities for improvement in
pharmaceutical sciences.44,45 To address these challenges, the
industry has applied digital tools such as deep learning
models and image segmentation to analyze product videos in
real-time digitally.44 These systems enable consistent product
quality while reducing human error. In reported use cases,
these digital systems are capable of inspecting 1000 capsules
per minute with a remarkable 95% accuracy.44 This real-time
monitoring identifies potential issues and improves batch
standardization.44 Digital twins, virtual replicas of physical
production processes, are emerging as powerful tools for
sustainability.46,47 By simulating and optimizing manufactur-
ing processes, digital twins allow companies to test different
scenarios, optimize energy use, and minimize material waste
without disrupting real-world operations.46,47 A digital twin is
a virtual replica (or model) of a physical production process,
equipment, or system that is continually fed real-time data
from its physical counterpart.47 By simulating and optimizing
manufacturing processes, digital twins allow companies to test
different scenarios, optimize energy use, and minimize
material waste without disrupting real-world operations.47

This aligns with both SDG 9 (Industry, Innovation, and
Infrastructure) and SDG 12 (Responsible Consumption and
Production). In vaccine production, for instance, digital twins
have helped to identify bottlenecks and optimize the use of
raw materials, ultimately reducing the overall environmental
footprint of manufacturing.48 The application of a digital twin

Fig. 2 Schematic representation of a production plant illustrating the
role of digital technologies in optimizing operations. Process data are
collected and integrated into an operations database, which informs
digital twins and predictive maintenance systems that feed back into the
plant to improve efficiency and reliability. External inputs – including
reaction optimization data, market demand forecasts, and environ-
mental monitoring such as wastewater analysis – are also incorporated,
enabling dynamic adjustments to production.
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in such complex operations has, in fact, been shown to lead to
20% additional productivity gains at a 99.9% reliability rate.48

This showcases the immediate, tangible benefits of using
virtual replicas to enhance efficiency and resource steward-
ship.48 However, it needs to be pointed out that a major
barrier to sustainable digital transformation remains regulat-
ory adaptation: while digital twins and AI-assisted quality
control show clear potential, their integration into Good
Manufacturing Practice (GMP) frameworks is still limited.49

3.3. Water stewardship

Digitalization is also critical for managing water, a decisive
resource in pharmaceutical manufacturing.50 Chemical pro-
duction steps are often water-intensive, yet only 42% of waste-
water is currently treated and reused, making it crucial to
reuse specific wastewater streams and efficiently recover
solvents.51,52 Further, IoT (Internet of Things) sensors and
digital twins can monitor and optimize water usage in real-
time, identifying inefficiencies in cleaning, cooling, and
solvent recovery systems.52 The IoT forms a network of physical
devices and objects equipped with sensors and software that
interact and perform tasks on the wastewater based on data-
driven decisions.52 Optimization based on such tools has
demonstrated the capability to save 4%–37% of energy while
doubling recovery yield.50,52 Hence, this data-driven approach
helps manufacturers reduce their water consumption and
improve overall water stewardship, directly supporting SDG 6
(Clean Water and Sanitation).50,52

4. Distribution
4.1. Digital supply chains & circular economy

Pharmaceutical supply chains are notoriously complex, and
digital tools are now being leveraged to improve sustainability
in this domain. AI and ML models can predict fluctuations in
demand with greater accuracy, reducing overproduction and
minimizing transportation waste.44 Predictive analytics allow
for better resource planning, which in turn decreases energy
consumption and material use.44,53,54 These efforts contribute
to SDG 12 (Responsible Consumption and Production).
Further, automated dispensing systems in pharmacies opti-
mize stock levels, reducing expired medications and associated
waste.55

The concepts of waste reduction and traceability in the
supply chain are central to the Circular Economy. In the
context of sustainability, the Circular Economy is an alterna-
tive to the traditional linear ‘take-make-dispose’ model.
Instead, it aims to keep resources in use for as long as poss-
ible, recovering and regenerating products and materials at the
end of each service life.56 Digitalization, with technologies like
blockchain, facilitates this model by enabling reverse logistics,
take-back programs for medical devices, and the tracking of
material life cycles.54 Blockchain technology, which is essen-
tially a secure, decentralized digital ledger, allows for transpar-
ent and tamper-proof tracking of goods.54 This is particularly

critical for enhancing supply chain traceability.54 For example,
blockchain can track products from production to distribution
and disposal, helping to reduce fraud, waste, and counterfeit
drugs while supporting sustainable recycling practices.54

However, pharmaceutical supply chains lag behind other
industries in terms of performance across service, cost, and
capital efficiency.57 This inefficiency is quantifiable: the
pharma sector is estimated to use only half its capacity com-
pared to consumer goods and has 13 times longer lead times,
requiring it to rely on four times larger inventory.57 These
inefficiencies make the supply chain a resource-intensive step
due to labor, energy used for transport, and temperature-con-
trolled storage. Digital technologies are increasingly being
applied to enhance sustainability and operational efficiency
across the pharmaceutical value chain. For example, artificial
intelligence can support sustainable procurement by identify-
ing suppliers with lower carbon footprints, which has been
shown to reduce procurement-related emissions by up to
20%58 In logistics, machine learning–based route optimization
contributes to more efficient last-mile delivery, decreasing
annual fuel consumption by approximately 18%.58 Similarly,
data-driven inventory management models that forecast
material and product demand have demonstrated up to a 10%
reduction in stock imbalances, thereby minimizing waste and
improving resource utilization.59

Industry leaders in supply chain excellence suggest that by
implementing digital technology and adopting best practices
from other sectors, pharma companies can significantly
improve their supply chains, delivering an improved customer
experience and patient promise.57,60 It is estimated that agent-
based AI could help with 75%–85% of workflows, reducing the
time required for key tasks in the supply chain by 25%–35%.61

The overall financial potential in pharma supply chains is sub-
stantial: a potential rise in margins of 15% and a reduction in
working capital by more than 25%.57 It must be noted that
this effect and potential are approximately eight times more
pronounced in generics compared to branded drugs, as pro-
duction and R&D costs are smaller in relation to distribution
within the generic market.60

Besides ensuring the product arrives at the patient, such
tools can help track packaging material, active pharmaceutical
ingredients (APIs), solvents, and excipients, ensuring they are
disposed of or appropriately recovered. From a chemical per-
spective, digital traceability can support solvent recovery,
polymer recycling, and API degradation studies, thereby inte-
grating green chemistry principles directly into supply-chain
management. For medical devices and packaging, digitaliza-
tion is key to unlocking the growing potential for recycling.
This is a critical gap to address, as currently only 5% of
medical devices are recycled, despite many being designed for
reusability.62 The increasing use of sophisticated, digitally
tracked medical devices necessitates robust take-back and re-
cycling programs.62 By tracking these complex products from
production to disposal, companies can identify opportunities
for reuse, refurbishment, and recycling, thereby moving
beyond the current low recovery rates for mixed-material
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packaging.62 This is crucial given that the pharmaceutical
industry generates approximately 300 million tons of plastic
waste each year, and that digital oversight is required to
unlock the potential for high-value materials, such as enabling
techniques that can potentially achieve up to 80% recovery of
components in difficult-to-recycle products.53,54,63 This is
another direct contribution to SDG 12 (Responsible
Consumption and Production).

Furthermore, digitalization is crucial for tackling Scope 3
emissions – the indirect emissions from the supply chain,
which can account for a significant portion of a company’s
total carbon footprint.64 AI-driven logistics optimization is
vital for reducing these emissions by finding more energy-
efficient transportation routes and minimizing the need for
unnecessary shipments.53,54,65 In addition, chemistry-driven
digital models (e.g., life-cycle assessments of polymeric packa-
ging or solvent inventories) can help quantify embedded
carbon in materials, linking chemical processes to broader
emission-reduction strategies. These measures directly support
SDG 13 (Climate Action).

4.2. Governance and regulatory compliance

Despite rapid progress in drug development, the biopharma-
ceutical industry has lagged in digitalizing regulatory sub-
missions, where manual processes create inefficiencies, errors,
and delays in patient access.66 Digital solutions such as SCDM,
AI, cloud platforms, and standardizing data formats have the
potential to streamline submissions, enhance collaboration,
and accelerate approvals while reducing waste – ultimately
ensuring faster patient access to new therapies.66 The emer-
gence of agentic AI, which shifts the technology’s role from a
mere tool to a collaborative coworker, offers significant
benefits for complex functions such as regulatory affairs and
compliance. Early industry analyses suggest that agentic AI
systems could potentially reduce workloads in medical and
regulatory affairs by approximately 23–38%; however, these values
are projections based on modelling and expert assessment, and
robust empirical validation at scale is still pending.61

Harmonized regulatory guidance, such as the European
Medicines Agency’s reflection papers on AI in drug development,
will be essential to ensure both safety and sustainability without
stifling innovation.49 Transparent reporting standards and vali-
dation protocols for digital tools could help build trust among
regulators, industry, and patients alike, thereby accelerating
responsible adoption.49 Further, incorporating blockchain
technology or other digital tools into supply chains enhances
transparency and traceability.67–69 By tracking products from pro-
duction to distribution, tracking tools help reduce fraud, waste,
and counterfeit drugs, while supporting sustainable sourcing
practices.53,67,68 This is particularly important for ensuring that
raw materials are responsibly sourced and that waste is mini-
mized throughout the supply chain.53,70 This real-time visibility
also helps companies ensure compliance with regulations like
Good Distribution Practice (GDP), which ensures product integ-
rity and patient safety, aligning with SDG 16 (Peace, Justice, and
Strong Institutions) among others.16,53,65

5. Clinical care
5.1. Patient centric medicine

In clinical care, digitalization offers solutions that enhance
sustainability while improving patient outcomes. AI-driven
tools for personalized medicine help optimize drug dosing,
administration times, and even formulation choice (e.g., con-
trolled-release vs. immediate-release), all of which vary with
patient-specific pharmacokinetics and metabolism.71,72

Implementing variability in dosing, as shown in clinical trials,
can improve efficacy in chronic conditions where resistance
develops.71,72 AI systems also help identify the best treatment
regimens, reducing trial-and-error approaches that waste
resources.71,72 This focus on individual patient needs, known
as patient centricity, is a key social pillar of sustainability,
addressing SDG 3 (Good Health and Well-being), SDG 12
(Responsible Consumption and Production) through reduced
waste, and SDG 10 (Reduced Inequalities) by tailoring care to
diverse populations. By integrating patient-reported outcomes
into the development and care process, digital tools help
ensure that treatments are not only effective but also aligned
with patient values and needs.

5.2. Digital health, therapies, and diagnostics

The emergence of digital health tools, including therapeutics
and molecular-level diagnostics, is a crucial social dimension
of sustainability.73,74 Currently, more than 500 digital thera-
peutics (DTx) are approved globally, with roughly two-thirds
classified as treating diseases (particularly neurological and
ophthalmic conditions), while 29% manage diseases and 5%
focus on prevention.75 Regional focuses vary significantly:
China predominantly targets disease treatment (88%), particu-
larly for neurological and ophthalmic conditions, while
Western countries focus more on monitoring.75 These techno-
logies can significantly improve access to care, particularly in
low- and middle-income countries and remote areas where tra-
ditional healthcare infrastructure is limited.74,76 For example,
mobile apps for disease management and smartphone-based
biosensors for analytes such as glucose or lactate can overcome
geographic and economic barriers.71,72 The growing shift
toward preventive and personalized medicine further increases
the demand for reliable diagnostics to detect disease earlier
and guide therapy.77 DTx such as AI-enabled speech analysis
for early signs of Alzheimer’s disease, or image-based algor-
ithms for cancer detection, exemplify how advanced diagnos-
tics can transform care delivery.78 This expanded access helps
address health inequities and promotes a more inclusive
healthcare system, which is vital for achieving SDG 3 (Good
Health and Well-being) and SDG 10 (Reduced Inequalities).
However, the effective implementation of these solutions relies
on a robust digital infrastructure.79 Unlike conventional drugs,
DTx often rely on changing long-term patient behaviors,
requiring substantial physician engagement.75 While insur-
ance policies in Europe and the US are adapting to provide
economic compensation, and physician acceptance is increas-
ing, widespread adoption remains contingent on robust clini-

Review RSC Pharmaceutics

RSC Pharm. © 2026 The Author(s). Published by the Royal Society of Chemistry

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

9 
Fe

br
ua

ry
 2

02
6.

 D
ow

nl
oa

de
d 

on
 3

/1
7/

20
26

 1
1:

59
:3

8 
A

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n 
3.

0 
U

np
or

te
d 

L
ic

en
ce

.
View Article Online

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5pm00342c


cal evidence and data security.75 Furthermore, a significant
risk lies in the “digital fracture” – the widening of health
inequalities where internet access, reliable electricity, or
affordable devices are lacking.79 Addressing this requires
inclusive design and investment in infrastructure and training.

5.3. Healthcare equity

The shift to digital health records and telehealth is another
key aspect of sustainability in clinical care. Digital records
streamline patient management, reducing duplication of diag-
nostic assays and chemical tests, and improving the coordi-
nation of care.80 Telehealth tools and chatbots can deliver
expertise to remote locations while freeing healthcare person-
nel to focus on core competencies.81,82 This leads to more
efficient use of resources, reduces paper waste, and lowers the
environmental footprint of healthcare.82 While several initiat-
ives are ongoing, data privacy and ownership risks remain.83

Furthermore, locations that could benefit most from telehealth
tools often lack basic digital infrastructure and access.79

Strikingly, in only 11% of African countries does the whole
population have access to electricity, and even in the most
advanced African nation, only about one-third of the popu-
lation has broadband internet.79 While comparable challenges
exist in parts of South America and Asia, particularly in rural
or low-income regions, Africa remains the most severely
affected continent, where the potential impact of improved
digital health infrastructure is correspondingly the greatest.
Therefore, successful adoption requires not just the technology
itself, but also significant investment in infrastructure, accessi-
ble devices, and training on these emerging technologies.79

However, such measures would directly contribute to SDG 3
(Good Health and Well-being), SDG 10 (Reduced Inequalities),
and SDG 12 (Responsible Consumption and Production).

5.4. Cybersecurity

To ensure that digitalization in healthcare and pharmaceutical
value chains remains sustainable and trustworthy, cybersecur-
ity must be treated as a core governance and patient-safety
requirement rather than a purely technical IT function. Since,
modern care delivery relies on interconnected electronic
health records, networked medical devices, telehealth plat-
forms, and cloud infrastructures, all of which expand the
potential attack surface and create direct risks to patients
when compromised.7 Large-scale ransomware and system
outages have been shown to delay diagnostics and treatments,
force diversion of emergency cases, and in extreme cases threa-
ten life by disrupting access to records and critical devices.84

Cyber incidents therefore represent not only data-privacy
breaches but also tangible clinical safety events, requiring pre-
paredness measures such as offline downtime protocols,
regular drills, segmented networks, and secure backups to
maintain continuity of care.84 From a governance perspective,
a patient-centric cybersecurity approach is essential, placing
the protection of individual wellbeing and data integrity at the
centre of regulatory, organisational, and technical decisions.85

This includes systematic risk assessments, adequate budgeting

for security capabilities, staff training against phishing and
social engineering, and lifecycle security management of IoT-
enabled medical devices.86,87 Embedding such measures
aligns digital health innovation with ethical and regulatory
responsibilities, safeguarding both operational resilience as
well as patient trust and safety in increasingly digital health-
care ecosystems.

6. Surveillance
6.1 Pharmacovigilance and digital surveillance systems

Pharmacovigilance, or the monitoring of drug safety after they
have entered the market, is essential for ensuring that drugs
do not cause harm to patients or the environment.88,89

Traditional pharmacovigilance systems are often slow to detect
adverse effects.90 For one, the median underreporting rate is
alarmingly high, around 94%, which severely affects the ability
to detect safety signals early.90 Digital tools like machine learn-
ing models are transforming this process.89,90 By analyzing
large datasets from clinical systems, call centers, and online
sources, AI has the potential to identify patterns and safety
signals faster than human operators.88,90 These systems con-
tribute to sustainability by reducing the need for extensive
human resources in drug monitoring, enabling earlier inter-
ventions that can prevent widespread harm.90,91 In fact, indus-
try experts estimate that safety and pharmacovigilance func-
tions can benefit significantly from AI agents, resulting in up
to 45%–50% time savings compared to conventional work
practices.61 However, it needs to be pointed out that also here
historical biases in data can put certain populations at risk,
especially women.24 Hence it is important to be aware of sex
differences, among other aspects, and incorporate them into
the digital approach. Chandak et al. for example, have demon-
strated this with an approach to predicting sex differences in
drug response, successfully mitigating 79% of underlaying sex
differences.92 Additionally, the use of AI for surveillance mini-
mizes the environmental costs associated with drug recalls, as
unsafe drugs can be identified and removed from circulation
more quickly.90,91 This also reinforces the governance aspect
of sustainability by ensuring companies meet their regulatory
and ethical obligations for public health and safety, support-
ing SDG 3 (Good Health and Well-being) and SDG 12
(Responsible Consumption and Production).

6.2. Algorithmovigilance: monitoring AI in healthcare

Whereas pharmacovigilance focuses on detecting, assessing,
and preventing adverse effects of medicinal products, algorith-
movigilance specifically addresses explicitly the risks that arise
from AI-driven systems themselves, such as biased decision
support or unexpected model drift in clinical practice. As AI
systems become more integrated into healthcare and drug
development, there is a growing need for “algorithmovigi-
lance” – the monitoring of AI systems themselves.93,94 Just as
pharmacovigilance tracks drug safety, algorithmovigilance
ensures that AI tools are functioning as intended, avoiding
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biases or errors that could compromise patient safety or lead
to inefficiencies in drug development and clinical care.93 This
new layer of surveillance is essential to ensure that AI-driven
tools contribute to sustainability without introducing new
risks and to uphold the governance standards of the industry,
contributing to both SDG 3 (Good Health and Well-being) and
SDG 16 (Peace, Justice, and Strong Institutions).93,94 It needs
to be pointed out however, that given that this is a nascent
field, empirical data and established frameworks are currently
scarce. A search of PubMed reveals only 10 publications men-
tioning “algorithmovigilance”, with just four focusing primar-
ily on the topic, all from very recent years. Crucially, none of
the existing research has yet delivered quantitative compari-
sons against the current status quo to robustly measure actual
efficiencies or improvements. Therefore, future research must
urgently prioritize the development of robust standards and
monitoring methodologies to safeguard the integrity of digital
healthcare.

7. The environmental footprint of
digitalization

While digitalization offers significant environmental benefits,
the ecological footprint of digital tools should also be acknowl-
edged. The immense computational power required for AI,
ML, and blockchain technologies comes with a substantial
environmental cost.27,95 The energy consumption of data
centres, for instance, is a growing concern, with the digital
sector contributing to global carbon emissions.95 This chal-
lenges progress towards SDG 7 (Affordable and Clean Energy)
and SDG 13 (Climate Action). However, from a global perspec-
tive, AI’s impact on future electricity demand is currently rela-
tively small with 1%–1.3% of world demand – the challenge
however lies in its concentrated energy consumption and pro-
jection to grow to 4.5% by 2028.27 Further, this high energy
demand has the potential to promote the adoption of sustain-
able and renewable energy sources, thereby driving innovation
in the energy sector.96 Nevertheless, it is important to point
out that computational tools must be used in an environmen-
tally responsible manner.97 Schilter et al. provide several best
practices to strike balance between computational power and
sustainability for digital tools in chemistry and pharmaceutical
sciences.97 In brief, to minimize the environmental footprint
of digital chemistry, researchers should adopt best practices
focused on transparency and efficiency.97 Crucially, they
should implement carbon tracking (e.g., via CodeCarbon) to
estimate and publish emissions alongside specific hardware
details, creating benchmarks for future comparison.97 For
instance, the preparation of this article is estimated to have a
carbon footprint of 2–5 kg CO2, despite not relying on energy-
intensive computational modeling. For perspective, compu-
tational carbon footprints directly correlate with the carbon
intensity of the electricity source, which varies heavily by
location.98 While Norway averages 0.01 kg CO2 kWh−1, South
Africa averages 1.1 kg CO2 kWh−1, making it 110 times more

carbon-efficient to train computational models in Norway.98

However, while it is good practice to shift workloads to renew-
able energy sources, incentivizing only established green hubs
conflicts directly with the pressing need for AI adaptation and
infrastructure development in regions like Africa. Efficiency
can be further improved by utilizing machine learning surro-
gate models and optimization techniques to reduce costly
simulations and physical experiments, while avoiding exhaus-
tive hyperparameter screening.97 Furthermore, adhering to
FAIR principles by sharing source code prevents duplicate
efforts. Notably, AI primarily yields net CO2 reductions when
deployed at scale, while potentially having a negative net
impact with only nominal usage.98

Beyond energy, the material footprint of digitalization,
stems from the entire lifecycle of electronic components. The
material impact of digitalization includes the unsustainable
extraction of minerals (e.g., cobalt, lithium) for technology
components and the growing problem of electronic waste
(e-waste), which is contrary to the spirit of SDG 12
(Responsible Consumption and Production).99 E-waste con-
tains a complex mixture of valuable materials, including pre-
cious metals, alongside hazardous substances such as lead,
mercury, cadmium, and brominated flame retardants, necessi-
tating selective redox reactions, precipitation chemistry, and
solvent extraction to separate valuable fractions from toxic resi-
dues.100 Currently, due to this complexity, only 15%–20% of
e-waste is recycled globally, despite containing materials with
an estimated worth of 65 billion by 2026.100 These extraction
processes are often highly energy-intensive and can lead to sig-
nificant environmental degradation, including habitat loss,
water contamination, and soil pollution due to the use of
strong acids and other chemicals in separation processes.101

The principles of sustainable photochemistry, thermochem-
istry, mechanochemistry, electrochemistry and sonochemistry
in e-waste recycling are illustrated by Niu et al.100 For example,
mechanochemical activation can enhance the leaching
efficiency of precious metals without corrosive solvents, while
electrochemical methods allow selective recovery of Cu, Au,
and rare earth elements under milder conditions.100 However,
challenges remain, particularly in preliminary sorting steps
where manual methods are highly inefficient.100 By imple-
menting algorithms and automated spectral recognition,
sorting precision could potentially reach over 90%.100

The concept of “rebound effects” is also critical to consider
at this point. While digitalization may make individual pro-
cesses more efficient (e.g., faster drug discovery), this
efficiency could lead to increased consumption or scale (e.g.,
more research projects being initiated), which could ultimately
offset the initial environmental savings.102 For example, while
large-scale in silico screening reduces the need for early-stage
animal testing, the vast increase in generated drug candidates
could however paradoxically raise the overall experimental
burden downstream – a classic rebound effect. So far, however,
given the generally positive attitude towards AI, no empirical
data has yet been published on this specific matter within the
pharmaceutical industry, to our knowledge. Therefore, it is
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crucial to analyze the net impact of digital technologies and
ensure that the benefits truly outweigh the ecological costs of
their implementation and operation.

8. Concluding perspectives

The digital transformation of the pharmaceutical industry
holds immense potential for advancing sustainability across
all phases of the drug lifecycle.7 From AI-driven drug discovery
and green chemistry to predictive maintenance in production,
efficient distribution, and enhanced clinical care, digital tools
are driving a more sustainable, efficient, and equitable
pharmaceutical ecosystem. An overview of how specific digital
tools translate into measurable environmental, operational,
and societal benefits across the pharmaceutical value chain,
and their alignment with the UN SDGs, is summarized in
Table 1. By embracing these technologies, the industry can sig-
nificantly reduce its environmental impact, lower costs, and

improve patient outcomes, while aligning with global sustain-
ability goals.

However, the path to a fully sustainable digital pharma-
ceutical industry is not without its challenges. Non-technical
barriers such as the time-consuming regulatory approval
process for changes to manufacturing and supply chains, cul-
tural resistance from employees to new workflows, and the
difficulty of integrating new digital solutions with legacy
systems must be overcome. Adaptation is crucial, requiring not
only a shift in mindset but also a rethinking of the skills and
talents needed in the workforce. Digital tools must be applied
where they have measurable impact, while carefully monitor-
ing for rebound effects and unintended social and ethical con-
sequences, such as algorithmic bias. At the same time, regulat-
ory frameworks need to evolve to keep pace with digital inno-
vation, ensuring both compliance and sustainability progress.
Future research is needed to quantify the net environmental
and social impact of digitalization, weighing its benefits
against the ecological costs of the technology itself. This

Table 1 Selected digital tools and their primary sustainability impact with associated directly affected SDGs

Digital tool/approach Main sustainability impact in pharma SDGs affected

AI/ML-based virtual screening and in silico drug
design

Reduces need for physical high-throughput
screening, lowering chemical consumption,
lab waste, energy use, and development time

SDG 3 (Good Health and Well-being); SDG
8 (Decent Work & Economic Growth); SDG
12 (Responsible Consumption &
Production)

Bioinformatics and computational target
identification

Shortens discovery timelines and reduces
experimental resource use

SDG 3; SDG 9 (Industry, Innovation &
Infrastructure); SDG 12

ML-guided green reaction and enzyme
optimisation

Enables higher reaction efficiency and fewer
toxic reagents and by-products

SDG 9; SDG 12; SDG 13 (Climate Action)

Predictive ADME/PK modelling Reduces late-stage failure and redundant
animal and lab studies

SDG 3; SDG 12

Molecular dynamics and digital formulation
modelling

De-risks formulation development and
reduces iterative wet-lab experiments

SDG 9; SDG 12

Automated and AI-assisted synthesis planning Improves yield and reduces failed or wasteful
synthesis attempts

SDG 9; SDG 12

Digital twins of manufacturing processes Optimises energy and material use without
interrupting production

SDG 9; SDG 12; SDG 13

AI-driven predictive maintenance Prevents equipment failure, reducing scrap,
downtime, and unnecessary energy use

SDG 9; SDG 12

AI-based real-time quality control (vision systems) Minimises batch rejection and variability,
lowering material and energy waste

SDG 9; SDG 12

AI-optimised wastewater treatment and IoT water
management

Cuts energy demand and increases water
and solvent recovery

SDG 6 (Clean Water & Sanitation); SDG 12;
SDG 13

Digital supply-chain optimisation (procurement,
routing, inventory ML)

Lowers transport emissions, overproduction,
and stock wastage

SDG 9; SDG 12; SDG 13

Blockchain for supply-chain traceability and
circularity

Reduces counterfeits and enables take-back,
reuse, and recycling of products and devices

SDG 12; SDG 16 (Peace, Justice & Strong
Institutions)

Digital tracking for device and packaging recycling Increases recovery of high-value materials
and reduces plastic waste

SDG 12; SDG 13

Decentralised/virtual clinical trials and telehealth Reduces patient travel and site resource use
while improving access to care

SDG 3; SDG 10 (Reduced Inequalities);
SDG 13

AI-assisted patient recruitment and eligibility
matching

Shortens trial duration and reduces
redundant trial activity

SDG 3; SDG 9; SDG 12

Patient digital twins in trials Potentially reduces control-group sizes and
associated resource use

SDG 3; SDG 12

Digital therapeutics and remote monitoring Substitutes or complements resource-
intensive in-person care

SDG 3; SDG 10; SDG 12

AI-supported pharmacovigilance and signal
detection

Earlier detection of adverse effects, reducing
harm and inefficient drug use

SDG 3; SDG 9

Federated and interoperable electronic health
records

Improves data use without duplicating
storage and transfers

SDG 9; SDG 12

Carbon tracking and efficient ML practices in
research

Makes computational emissions transparent
and reduces unnecessary compute

SDG 7 (Affordable & Clean Energy); SDG 13;
SDG 12
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includes developing robust, standardized metrics and estab-
lishing new oversight frameworks for nascent fields like algor-
ithmovigilance. By addressing these challenges and continuing
to innovate responsibly, the pharmaceutical industry can
harness the full potential of digitalization to build a truly sus-
tainable future.
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