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Abstract: Medication harm remains common, with a substantial portion preventable at the stages of 

prescribing and administration. (1) I reviewed evidence on how artificial intelligence (AI)—including 

rule-based clinical decision support, machine learning (ML), natural language processing (NLP), and 

large language models (LLMs)—can improve medication safety, and how these tools can fail. Methods: 

On 10 February 2026, I searched PubMed for systematic reviews/meta-analyses, high-quality observa-

tional studies, human factors evidence, reporting/risk-of-bias guidance, and peer-reviewed LLM eval-

uations relevant to prescribing error detection, medication reconciliation, dosing support, adverse drug 

event (ADE) prediction, pharmacovigilance, and medication-related documentation. All included cita-

tions were verified on PubMed by confirming PMIDs and bibliographic details. Results: Evidence for 

CPOE/CDSS suggests improvements in practitioner performance and some reductions in preventable 

ADEs, but effects are heterogeneous and systems can facilitate new error types. (2–5) Safety alerts are 

frequently overridden (49%–96%), and evidence that interruptive prescribing alerts improve patient 

outcomes is limited. (6,7) Automation bias is a documented risk: correct CDSS can reduce omission 

errors, yet incorrect CDSS can increase omission errors and induce commission errors. (12,13,15) ML-

based ADE prediction shows emerging performance (pooled AUC 0.72, 95% CI 0.68–0.75), but pre-

diction studies frequently show high risk of bias, motivating use of TRIPOD/PROBAST and careful 

validation. (9–11,17) In pharmacovigilance using routinely collected data, methods and performance 

reporting are heterogeneous, and no method is uniformly superior. (18) In medication text workflows, 

LLMs can reduce specific direction errors when designed with domain logic and guardrails, but hallu-

cinations and omissions remain safety-critical. (20,21) Conclusions: AI can improve medication safety 

when tasks are bounded, outputs are auditable, and systems are integrated with strong human factors 

design and lifecycle governance; deployment requires local validation, bias and dataset shift monitor-

ing, and formal safety evaluation—especially for generative AI. (9–11,20–27) 
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Introduction 
Medication harm remains a high-frequency, high-impact patient safety problem, and a 

substantial fraction of adverse drug events (ADEs) is preventable at the stage of medication 
ordering and administration. (1) In the last two decades, electronic prescribing, computerised 
provider order entry (CPOE), and clinical decision support systems (CDSS) have been widely 
implemented to reduce preventable medication errors and preventable ADEs (pADEs), but 
the evidence shows heterogeneous effects and non-trivial unintended consequences. (2,3) 

A central practical challenge is that “medication safety technology” is not a single inter-
vention: it is a sociotechnical system that depends on alert content, workflow fit, user training, 
interface design, local data quality, and governance. Even when CPOE reduces certain classes 
of errors, problematic ordering pathways, default selections, fragmented displays, and brittle 
configuration can facilitate new errors. (4,5) This matters because medication safety is both a 
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technical and behavioural domain: clinicians and pharmacists must trust—yet actively ver-
ify—automated outputs under time pressure. 

Safety alerts illustrate the trade-off. In a classic systematic review of physician response 
to drug safety alerts, override rates were high (typically reported between 49% and 96%), and 
error-producing conditions included low specificity, unclear content, and workflow disrup-
tion. (6) A later systematic review of interruptive medication prescribing alerts found that just 
over half of studied alerts produced statistically significant beneficial effects on prescriber 
behaviour, while patient outcomes were evaluated infrequently and did not clearly improve in 
the small subset of studies that measured them. (7) In other words, digitisation and decision 
support can improve the medication-use process, but they can also shift risk into new failure 
modes. 

Artificial intelligence (AI) now enters this landscape in multiple forms: traditional rule-
based CDSS (often not considered “AI” in current terminology), machine-learning (ML) 
models that predict risk or detect anomalies, natural language processing (NLP) systems that 
extract medication signals from text, and generative AI/large language models (LLMs) that 
draft, interpret, or verify medication-related text. Each brings distinct promises and distinct 
hazards. A medication-focused systematic review found evidence that medication-related 
CDSS can improve process and (in some cases) clinical outcomes, while also highlighting 
implementation factors that determine effectiveness and safety. (8)  

From a clinician’s perspective, the question is not “Is AI good or bad?”. The operational 
question is: Which AI applications for medication safety have credible evidence, what 
are the credible failure modes, and what minimum vetting is required before deploy-
ment? This manuscript synthesises high-quality evidence across the medication-use process 
(prescribing, reconciliation, dosing, ADE prediction, pharmacovigilance, and patient-fac-
ing/documentation pathways) and proposes a pragmatic pre-deployment and post-deploy-
ment clinical vetting framework grounded in empirical evidence and reporting standards. 

Methods 
This is a narrative evidence synthesis with a medication-safety lens, targeting a manu-

script length of ~3000–3500 words (default target proceeded with, as requested). I searched 
PubMed on 10 February 2026 and verified each included citation by confirming the PMID 
and bibliographic details on the PubMed record (PMID in the reference list; DOI included 
where available). Search terms combined medication-safety concepts with AI/CDSS con-
cepts, for example: “medication errors” AND (clinical decision support OR CPOE); “automation bias” 
AND prescribing; “dataset shift” AND clinical AI; “prediction model” AND risk of bias AND machine 
learning; “CONSORT-AI” OR “SPIRIT-AI”; “natural language processing” AND medication safety; 
“adverse drug event prediction” AND machine learning AND meta-analysis; “signal detection” AND 
routinely collected data AND systematic review; and “large language model” AND medication. 

This study prioritised (i) systematic reviews/meta-analyses and high-quality overviews 
for CDSS and ML prediction, (ii) empirically grounded human factors evidence for automa-
tion bias and alerting behaviour, (iii) reporting and risk-of-bias guidance for AI intervention 
trials and prediction models, and (iv) peer-reviewed evaluations of LLMs in medication-adja-
cent tasks. Where quantitative estimates were used, I quoted only values explicitly reported in 
the source (and cited them immediately). Where effect sizes were not consistently available 
or not comparable, I reported findings qualitatively. 

Results 

Evidence map and deployment reality 

Across medication safety tasks, the evidence base clusters into three partially overlapping 
domains: 

1. Rule-based CDSS/CPOE evidence (often pre-dating current “AI” terminol-
ogy): relatively mature, demonstrates improved process measures and 
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sometimes reduced errors, but with wide heterogeneity and known unintended 
consequences. (2–7,8)  

2. ML prediction and detection models (ADE prediction, risk stratification, 
anomaly detection): expanding quickly, but threatened by methodological fra-
gility (overfitting, leakage, missing-data mishandling), poor reporting, and lim-
ited external/temporal validation. (9–13)  

3. NLP and LLM systems (text extraction, reconciliation support, direction 
checking, drafting): promising for scale and speed, but vulnerable to hallucina-
tions, silent omissions, poor grounding to authoritative sources, and workflow-
induced automation bias. (14–18)  

The key practical pattern is that evidence strength is highest when the task is nar-
row, well-defined, and evaluable against a clear reference standard, and weakest when 
the system’s output is open-ended, difficult to verify quickly, or depends on local context 
(formularies, lab units, prescribing norms, handwriting/scans, multilingual patient instruc-
tions). 

Prescribing error detection and medication-order decision support 

Evidence signal. Systematic review evidence indicates that computerised clinical deci-
sion support can improve practitioner performance and, in some settings, patient outcomes, 
though the magnitude and reliability vary across interventions and contexts. (3) In hospital 
settings, a systematic review and meta-analysis evaluating CPOE found evidence that CPOE 
can reduce preventable ADEs, but effects on medication errors were heterogeneous and con-
text-dependent. (2)  

Failure modes. Two complementary empirical streams define medication-safety failure 
modes in CPOE/CDSS: 

• Technology-facilitated errors. A landmark investigation of a leading CPOE 
system documented how system design could facilitate medication error risks, 
emphasising that implementers must attend to errors that systems cause in ad-
dition to those they prevent. (4)  

• Vulnerability and recurrence. An analysis of medication error reports where 
CPOE was a “contributing cause” showed that error reports can identify recur-
ring, testable scenarios to which contemporary CPOE systems remain vulnera-
ble, supporting the need for enhanced monitoring, reporting, and vulnerability 
testing. (5)  

Alerting behaviour and alert fatigue as safety mechanisms. Clinician response me-
diates CDSS effectiveness. High override rates are not necessarily “bad”—many alerts are 
non-actionable or irrelevant—but they can signal poor specificity, workflow disruption, or 
low trust. (6) In the systematic review of interruptive prescribing alerts, 53% of studies re-
ported beneficial effects on prescriber behaviour, 34% reported no significant effect, and a 
small proportion reported detrimental effects; evidence for improved patient outcomes was 
limited, with only two studies evaluating patient outcomes and neither showing significant 
improvement. (7)  

Interpretation for clinicians and pharmacists. For prescribing error detection and 
order support, I interpret the mature evidence base as supporting cautious optimism: CDSS 
can reduce certain errors, but safety depends on local configuration quality, continuous mon-
itoring, and a realistic understanding that decision support shifts error patterns rather than 
eliminating error. 

Medication reconciliation and medication history support 

Medication reconciliation (MedRec) is a safety-critical process at transitions of care, 
where discrepancies can propagate into downstream prescribing and administration. 
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Electronic tools have been proposed to improve completeness and reduce discrepancies. In 
a systematic review of electronic tools to support medication reconciliation, included evalua-
tions spanned quality improvement projects, observational studies, and a small number of 
randomised trials or trial protocols; evaluations largely focused on usability and implementa-
tion outcomes, and only one randomised trial evaluated effects on potential adverse drug 
events. (14)  

Interpretation. The evidence suggests that eMedRec tools can improve process relia-
bility, but robust evidence for patient-level harm reduction is still limited and heavily depend-
ent on implementation context, data integration quality, and pharmacological expertise em-
bedded in workflows. (14) From a vetting standpoint, reconciliation tools should be assessed 
not only for accuracy of the compiled medication list, but for (i) provenance transparency 
(what sources were used), (ii) conflict resolution logic, and (iii) usability under real admis-
sion/discharge time constraints. 

Dosing decision support, calculation, and high-risk medication workflows 

Dosing is one of the highest-stakes domains for decision support because errors can 
quickly translate into immediate harm, particularly in paediatrics and in renal/hepatic impair-
ment. Classical CDSS dosing alerts can reduce omission errors when correct, but can also 
induce over-reliance. A controlled experimental study in e-prescribing demonstrated that cor-
rect CDSS reduced omission errors (e.g., reductions reported as 38.3% in low-complexity 
scenarios), while incorrect CDSS increased omission errors and produced substantial com-
mission errors (acceptance of false positive alerts). (15) This illustrates a general medication-
safety principle: the cost of a “confidently wrong” recommendation can exceed the 
benefit of a “usually right” system when verification is difficult. 

Recent generative AI studies suggest that LLMs can perform well on constrained dosing 
calculations, but the scope of safe generalisation remains uncertain. In a cross-sectional eval-
uation comparing LLMs with experienced nurses on paediatric medication calculations, 
nurses averaged 93.14 (±9.39) accuracy, while two LLMs achieved 100 accuracy; LLM re-
sponse times were markedly faster than nurses. (16) These results are intriguing but should 
not be overgeneralised to broader dosing decision support, which often involves contextual 
clinical judgement (indication, comorbidities, interacting drugs, lab trends, formulation con-
straints, and monitoring). (16)  

Interpretation. For dosing tools—especially those involving LLMs—I treat “calcula-
tor-like” tasks (unit conversion, weight-based dose calculation given a fixed rule) as potentially 
safer entry points, provided the system is bounded, auditable, and integrated with strong 
checking (e.g., displaying formulae and intermediate steps, forcing unit confirmation, and trig-
gering mandatory human verification for high-alert meds). The same evidence also reinforces 
the need to formally evaluate automation bias and error recovery in realistic workflows. (15)  

ADE prediction and risk stratification using machine learning 

Machine learning for ADE prediction aims to identify patients at higher risk of harm 
during hospitalisation or therapy, potentially enabling preventive actions (review, monitoring, 
pharmacist consults, deprescribing, renal-dose adjustment). A systematic review and meta-
analysis of ML models predicting multiple ADEs using EHR data reported a pooled estimated 
AUC of 0.72 (95% CI 0.68–0.75), based on 10 included studies. (17)  

This level of discrimination is clinically meaningful only if (i) calibration is adequate, (ii) 
predictions are actionable, and (iii) the intervention triggered by prediction reduces harm 
without creating alert fatigue or inequitable resource allocation. Methodologically, ADE pre-
diction models are susceptible to known pitfalls: outcome label bias (e.g., ADEs detected 
more often in patients who are monitored more intensively), confounding by indication, data 
leakage, and overfitting. These risks motivate formal reporting and bias assessment. 

In prediction model research, reporting standards (TRIPOD) and risk-of-bias assess-
ment (PROBAST) provide structured expectations for transparency, including details of 
model development, validation, calibration, and performance reporting. (9,10) A systematic 
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review using PROBAST across supervised ML prediction models found that a high propor-
tion of analyses were at high risk of bias (reported as 87% of analysed models/validations), 
with frequent problems including inadequate events-per-predictor, poor missing data han-
dling, and inadequate assessment of overfitting. (11) 

Interpretation. For ADE prediction tools, I consider internal validation alone inade-
quate for deployment decisions. At minimum, local external validation (temporal and site-
level), calibration checks, subgroup performance audits, and a clear “decision-curve” framing 
of clinical utility are required before integrating a model into medication workflows. (9–11) 

Pharmacovigilance and signal detection 

At population level, pharmacovigilance aims to detect rare or delayed harms that may 
not appear in clinical trials. A systematic review of methods for drug safety signal detection 
using routinely collected observational electronic healthcare data found wide method hetero-
geneity and no consistently superior approach across drug–event pairs; performance assess-
ment and reporting were heterogeneous, and replicability was limited due to lack of transpar-
ency and lack of a gold standard reference set. (18) The review noted growing interest in 
applying machine learning, alongside epidemiologic designs and adaptations of spontaneous 
report methods. (18)  

Interpretation. For pharmacovigilance, ML may help scale screening, but the eviden-
tiary “hard part” remains causal interpretation: separating signals from confounding and sur-
veillance artefacts, and then translating signals into regulatory or clinical action. I therefore 
view AI primarily as an augmentation to established pharmacoepidemiology rather than a 
replacement, with emphasis on reproducible pipelines, auditability, and strong epidemiologic 
design choices. (18) 

Patient messaging, documentation, and LLM-mediated medication text 

Medication safety is often determined by text: directions, units, frequency, duration, and 
contraindications. NLP and LLMs may help detect errors and standardise instructions, but 
they can also introduce new hazards if they hallucinate, omit, or “smooth over” uncertainty. 

A narrative review in Pharmacotherapy discussed how NLP can support medication safety 
tasks across EHR text, literature, reporting systems, and internet-based data sources, high-
lighting automation potential but also interoperability constraints. (19) 

More directly medication-linked, a Nature Medicine study evaluated an LLM-based system 
to prevent medication direction errors in online pharmacies. In benchmark comparisons, two 
LLM-based baselines recorded 1.51 and 4.38 times more near-miss events than the proposed 
system, and deployment within a production online pharmacy setting was associated with a 
reduction in near-miss events reported as 33% (with a reported confidence interval). (20) This 
is a strong proof-of-concept for a key design principle: domain logic and safety guardrails 
can outperform “raw” LLM prompting, especially when outputs are constrained and eval-
uated against expert review. (20) 

However, even when outputs look fluent, hallucinations and omissions remain central 
safety concerns. A 2025 framework for assessing clinical safety and hallucination rates of 
LLMs for medical text summarisation reported a hallucination rate of 1.47% and an omission 
rate of 3.45% in clinician-annotated evaluations of an LLM document-generation pipeline, 
while emphasising that iterative workflow refinement can reduce major errors. (21) In medi-
cation contexts, even low-frequency hallucinations can be unacceptable if they occur in high-
severity categories (e.g., dose, route, insulin type, anticoagulant interactions). (21) 

A study assessing ChatGPT-4 on tasks relevant to community pharmacy (drug infor-
mation, labelling error identification, prescription interpretation, decision support) found that 
LLM outputs could be satisfactory in certain scenarios, while emphasising the need for rigor-
ous validation across diverse queries, drug classes, populations, and privacy protections. (22) 
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Interpretation. For patient messaging and documentation, I treat LLMs as “high lever-
age, high liability” systems. Safe deployment requires constrained tasks, reference grounding, 
explicit uncertainty, and measurable clinical safety endpoints (not just BLEU scores or sub-
jective “helpfulness”). 

Cross-cutting failure modes and why they are predictable 

I group medication-AI failure modes into predictable classes: 

• Automation bias and verification failure. Automation bias—over-reliance 
on automated advice—has been systematically reviewed, with mitigators includ-
ing training, emphasising accountability, and design strategies such as confi-
dence information and better presentation of advice. (12) In prescribing con-
texts, incorrect CDSS can induce omission and commission errors, demonstrat-
ing how users can accept false alerts and miss true problems when trust is mis-
calibrated. (15) A systematic review focusing on automation bias and verifica-
tion complexity found that such bias can occur even in single-task environments 
and may relate to cognitive load and task verification difficulty. (13) 

• Dataset shift and performance decay. Dataset shift—mismatch between de-
velopment data and deployment data—can cause underperformance and is a 
major driver of clinical AI malfunction, requiring monitoring and update strat-
egies. (23) 

• Bias and inequity. An empirical study on a widely used healthcare manage-
ment algorithm demonstrated racial bias arising from the use of healthcare costs 
as a proxy for need, resulting in systematically different risk assignment across 
groups. (24) For medication safety tools, analogous risks include biased detec-
tion of ADEs (because documentation/monitoring differs) and biased alloca-
tion of pharmacist review resources (because “risk” estimates embed access and 
utilisation patterns). (24) 

• Methodological fragility and poor reporting. For prediction models and ML 
systems, the combination of poor reporting (TRIPOD), the need for structured 
risk-of-bias assessment (PROBAST), and observed high risk-of-bias prevalence 
in ML prediction model studies directly threatens safe translation to practice. 
(9–11) 

• Generative errors (hallucination/omission) and false fluency. LLM out-
puts can be clinically unsafe due to hallucinations or omissions even when out-
puts appear coherent, motivating formal safety assessment frameworks. (21) 

These failure modes are not reasons to reject AI; they are reasons to demand evidence, 
evaluation discipline, and governance. 

Practical clinician/pharmacist vetting steps before deployment 

Below I summarise a pragmatic, clinician-facing vetting framework, anchored to evidence and reporting standards for AI 

interventions and prediction models. (9–11,25,26) I also incorporate regulatory/governance considerations relevant to 

medical machine learning (change over time, liability, and lifecycle oversight). (27) 

Table: AI applications in medication safety—evidence strength, failure modes, and vetting 
steps 
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AI application area 

Typical evidence 

strength (cur-

rent) 

Common failure modes 

(what goes wrong) 

Recommended vetting steps before 

deployment (clinician/pharmacist-

facing) 

Prescribing/order support 

(CDSS/CPOE rules; ML-

assisted checks) 

Moderate (process 

outcomes), varia-

ble for patient out-

comes (2,3,7) 

New technology-facili-

tated errors; unsafe de-

faults; configuration er-

rors; alert fatigue/over-

rides; over-trust in alerts 

(4–7) 

Confirm local configuration govern-

ance; run “vulnerability testing” using 

known high-severity scenarios; measure 

alert burden + override reasons; require 

monitoring dashboards for new error 

types; ensure escalation pathways for 

safety reports (4–7) 

Medication reconciliation 

(eMedRec, NLP extrac-

tion, list matching) 

Limited-to-moder-

ate (mostly imple-

mentation/usabil-

ity; limited RCT 

outcome evidence) 

(14) 

Incorrect source reconcil-

iation; missing prove-

nance; duplicate/merged 

meds; failure at care tran-

sitions 

Require provenance display for each 

medication; test against gold-standard 

histories; validate performance at ad-

mission/discharge; assess time-on-task 

and error recovery; ensure pharmacist 

review workflow integration (14) 

Dosing support (dose cal-

culators; renal dosing 

alerts; constrained LLM 

calculation support) 

Mixed; strong for 

narrow rule-based 

tasks, emerging for 

constrained LLM 

calculation studies 

(15,16) 

Automation bias if the 

tool is wrong; unit con-

version errors; unrecog-

nised contraindica-

tions/interactions; miscal-

ibration of trust (15,16) 

Hard-limit to bounded tasks; force unit 

confirmation and display intermediate 

steps; require mandatory human verifi-

cation for high-alert meds; evaluate au-

tomation bias (omission/commission 

errors) in simulation before go-live 

(15,16) 

ADE prediction (ML risk 

stratification from EHR) 

Emerging; moder-

ate discrimination 

in meta-analysis, 

but general high 

risk-of-bias con-

cerns (9–11,17) 

Overfitting, data leakage, 

label bias; poor calibra-

tion; subgroup perfor-

mance disparities; alert 

overload without actiona-

bility 

Demand TRIPOD-level transparency; 

PROBAST-guided risk-of-bias review; 

external + temporal validation locally; 

calibration assessment; subgroup audits; 

define action bundles and measure clini-

cal outcomes, not only AUC (9–11,17) 

Pharmacovigilance/signal 

detection (ML/NLP on 

RWD + reports) 

Emerging; hetero-

geneous methods; 

no consistently su-

perior method; 

limited replicability 

(18) 

Confounding mistaken as 

signal; non-reproducible 

pipelines; poor transpar-

ency; shifting coding 

practices 

Require transparent protocols, repro-

ducible pipelines, audit trails; evaluate 

signal validity with epidemiologic de-

signs; define thresholds for escalation; 

include post-deployment governance 

and documentation of model updates 

(18) 

Patient messaging & docu-

mentation affecting medi-

cation safety (LLMs/NLP 

for directions, summaries, 

counselling scripts) 

Emerging; promis-

ing in constrained 

domains; safety 

frameworks still 

developing (20–

22) 

Hallucinations and omis-

sions; false fluency; un-

safe simplification; pri-

vacy risks; over-depend-

ence by staff/patients 

(21,22) 

Constrain outputs; require grounding to 

authoritative sources; implement “no-

guess” policies with explicit uncertainty; 

run clinical safety error taxonomy as-

sessments; monitor hallucination/omis-

sion rates and severity; ensure human 

review for high-risk outputs (20–22) 

Discussion 
What works, why it works, and where it breaks 

The evidence supports a nuanced position: 
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1. AI works best when it is bounded. Rule-based drug–drug interaction checks, 
allergy checks, dose calculators, and constrained text extraction tasks have 
clearer evaluation standards and fit structured safety workflows. (2,3,14,15) 

2. “AI as prediction” is not the same as “AI as prevention.” ADE prediction 
models with modest-to-moderate discrimination (e.g., pooled AUC ~0.72) may 
still fail to reduce harm if they trigger unhelpful alerts or if predicted risk is not 
linked to an effective preventive action set. (17)  

3. Human factors can dominate statistical performance. High alert override 
rates and automation bias demonstrate that clinician behaviour is integral to 
safety performance. (6,12,13,15)  

4. Generative AI introduces new categories of catastrophic error. Hallucina-
tions and omissions in LLM outputs are qualitatively different from typical 
CDSS false positives: the system may generate plausible, novel clinical state-
ments, creating a strong risk of “confidently wrong” medication instructions 
unless outputs are constrained, grounded, and safety-audited. (20,21)  

5. Bias and dataset shift are not edge cases. They are expected properties of 
clinical deployments. Dataset shift can occur with changing populations and 
workflows; biased proxy variables can systematically distort risk assignment and 
resource allocation. (23,24)  

How I would operationalise “vetting” in real medication workflows 

In medication safety, clinicians and pharmacists need a minimum viable governance 
standard that can be applied before patient exposure. Based on the evidence and reporting 
expectations, I would operationalise vetting in three layers: 

Layer 1: Evidence and intent (pre-procurement). 
I would require a precise description of intended use, user role, and actionability, and I would 
consider it a red flag if the vendor cannot specify what the tool changes in workflow and what 
“success” looks like. For AI interventions evaluated in trials, completeness and clarity expec-
tations are codified by CONSORT-AI and SPIRIT-AI: the AI intervention, its integration 
into setting, human–AI interaction, and handling of inputs/outputs must be explicit. (25,26)  

Layer 2: Local verification (pre-deployment). 
For prediction models, I would require at minimum TRIPOD-aligned disclosure and a PRO-
BAST-informed risk-of-bias assessment. (9,10) Given the high observed prevalence of high 
risk-of-bias in ML prediction models, I would not accept “AUC in the paper” as sufficient. 
(11) I would also require temporal validation (recent data) and subgroup performance checks 
to reduce the risk of silent inequities. (23,24) 

Layer 3: Lifecycle governance (post-deployment monitoring). 
Unlike static software, medical ML may drift (dataset shift), and governance must include 
monitoring and change control. (23,27) At minimum, I would mandate: drift monitoring 
dashboards, thresholds for “suspend/caution” states, incident reporting mechanisms tied to 
medication safety committees, and periodic re-validation. 

Regulatory and governance considerations 

From a governance standpoint, AI blurs boundaries between clinical practice, software, 
and medical devices. A legal and policy analysis of regulatory responses to medical machine 
learning emphasises challenges in evaluating safety and effectiveness for ML-based medical 
devices and highlights that regulatory approaches must address the possibility of change over 
time. (27) Complementing this, an analysis of the FDA-approved/cleared AI/ML-enabled 
medical device landscape reported 343 devices compiled by the FDA by June 2021, with most 
cleared via the 510(k) pathway and a high proportion functioning as software as a medical 
device (SaMD). (28) Although most of these devices are in radiology/cardiology rather than 
medication safety per se, the lifecycle governance issues (intended use, generalisability, update 
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pathways) are directly relevant to medication AI tools that may be classified as SaMD or used 
as clinical decision support. (27,28)  

India-facing considerations (transferability and implementation) 

In India, medication safety initiatives often operate within resource constraints and het-
erogeneous digital maturity across settings. This amplifies several issues identified in the evi-
dence: data quality variation (affecting ML), alert burden with limited staffing, multilingual 
documentation needs (affecting NLP/LLMs), and uneven access to calibration populations 
(affecting equity). The most transferable strategy appears to be bounded tools with high 
transparency (dose calculators, structured checks, reconciliation provenance), combined 
with human review where the marginal safety value is highest (high-alert medications, paedi-
atrics, anticoagulants). This aligns with the evidence that technology effects are heterogeneous 
and implementation-determined, and that errors can be shifted rather than eliminated without 
strong governance. (2,4,5,23)  

Limitations 
This manuscript is a narrative synthesis rather than a full systematic review with duplicate 

screening and formal meta-analysis across all domains; as a result, I may under-represent some 
subliteratures, particularly outside PubMed-indexed journals or outside high-income settings. 
The evidence base is also heterogeneous in outcome metrics: CDSS studies often report pro-
cess measures and error types, prediction model studies report discrimination metrics (e.g., 
AUC) that may not translate to clinical benefit, and LLM studies vary widely in task framing 
and safety endpoints. (7,9–11,17,21) Finally, some cited LLM studies are rapidly emerging, 
and their findings may not generalise across models, prompts, or institutional contexts. 

Conclusion 

Medication safety is an unusually demanding proving ground for AI because it combines 
high stakes, frequent decisions, workflow pressure, and complex causality. The mature evi-
dence on CPOE/CDSS supports cautious benefit with heterogeneous outcomes and persis-
tent unintended consequences. (2–7) The newer evidence for ML prediction (e.g., ADE pre-
diction with pooled AUC ~0.72) suggests potential but also underscores the need for rigorous 
reporting, external validation, and bias control. (9–11,17) LLMs may reduce specific, con-
strained medication text errors when designed with domain logic and guardrails, but halluci-
nations and omissions require formal safety measurement and strong human oversight. 
(20,21)  

Before any AI tool touches patient care in medication workflows, I recommend a mini-
mum safety standard: clearly bounded intended use; transparent reporting consistent with AI 
trial guidance where applicable; prediction-model standards (TRIPOD/PROBAST) where 
applicable; local external/temporal validation; explicit measurement and mitigation of auto-
mation bias, dataset shift, and inequity; and a post-deployment monitoring plan with clear 
stop rules and accountability. (9–13,23–27) 
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