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Abstract: The burden of considerable challenges involved in deploying predictive systems across global markets is increasingly 

growing for the pharmaceutical industry's reliance on machine learning models for commercial analytics. Differences in healthcare 

systems, regulations, patient demographics, and prescribing practices pose serious challenges to the transferability of models and 

often lead to reduced performance and biased predictions when using out-of-area models. In this article, we offer a full framework 

for improving model portability using novel computer science methods: federated learning, domain adaptation, and transfer learning. 

By analyzing commercial datasets from multiple geographic regions, key sources of model degradation are identified, including 

covariate shift, feature distribution misalignment, and regulatory constraints. The proposed framework addresses these challenges 

through privacy-preserving collaborative training, domain-invariant feature representations, and causal inference methods that ensure 

robust performance across diverse markets. Meta-learning strategies enable rapid adaptation to new markets with minimal data 

requirements, while continuous monitoring systems detect performance degradation and trigger appropriate interventions. Case 

studies from multinational pharmaceutical companies demonstrate the framework's effectiveness in maintaining model accuracy 

while ensuring compliance with regional data protection regulations. The integration of fairness-aware algorithms and bias mitigation 

techniques ensures equitable model performance across different patient populations and healthcare systems. These findings provide 

pharmaceutical organizations with actionable strategies for developing resilient, globally deployable AI systems that support 

commercial decision-making while respecting regional variations and regulatory requirements.. 

Keywords: machine learning portability, pharmaceutical analytics, domain adaptation, federated learning, cross-market 

deployment. 

 

INTRODUCTION 
Background and Motivation 

The pharmaceutical sector is transforming never 

before, incorporating machine learning (ML) 

algorithms into commercial analytics workflows. 

Pharma businesses today use advanced predictive 

models to inform strategy development, customer 

engagement, and decision-making across 

therapeutic areas. These ML-driven platforms 

serve as a foundation for analyzable data relating 

to prescriber behavior, forecasts for market trends, 

and customized approaches for healthcare 

professionals. The combinatorial shift from 

conventional statistical tools to ML algorithms 

enables pharmaceutical companies to work with 

diverse datasets at scale, uncovering patterns in the 

data that inform commercial strategies.  
 

Yet, the global scope of pharmaceutical operations 

produces complexities surrounding the use of ML. 

The industry is highly heterogeneous, operating 

across multiple fragmented markets, each with its 

normative regulatory obligations, healthcare 

delivery models, and patient populations. Such 

complexity is similar to what has been observed in 

the cloud computing environments, where 

portability and interoperability are key issues for 

organizations (Rafique, A, et al., 2014). Achieving 

seamless portability across heterogeneous 

environments requires sophisticated architectural 

frameworks, a lesson that extends directly to 

pharmaceutical ML deployment scenarios. 
 

The parallels between cloud portability and 

pharmaceutical ML deployment extend beyond 

technical considerations. Just as cloud applications 

must adapt to different infrastructure providers and 

configurations, pharmaceutical predictive models 

must accommodate variations in data availability, 

feature distributions, and business constraints 

across international markets. This challenge 

becomes particularly acute when models trained 

on data from developed markets with 

comprehensive electronic health records are 

deployed in emerging markets with limited digital 

infrastructure. 
 

Problem Statement 

Model portability in pharmaceutical commercial 

analytics refers to the ability of ML systems to 

maintain performance and validity when 

transferred from one geographic market to another. 

This challenge encompasses multiple dimensions 

that significantly impact the viability of global ML 

strategies. While deploying models in different 

geographies, pharmaceutical companies face a 

systematic (and often severe) drop-off in 

predictive accuracy, sometimes rendering findings 

unreliable or outright wrong. 



  

 
 

112 
 

Nalam.S. Sarc. Jr. Eng. Com. Sci. vol-4, issue-6 (2025) pp-111-124 

Copyright © 2022 The Author(s): This work is licensed under a Creative Commons Attribution- NonCommercial-NoDerivatives 4.0 
(CC BY-NC-ND 4.0) International License 

Publisher: SARC Publisher 
 

The technical signs of portability challenges 

include covariate shift, where the distributions for 

features differ in the training and deployment 

environments, and concept drift, where the way a 

market relates inputs to outputs changes from one 

to the next. These phenomena result from 

fundamental differences in healthcare systems, 

prescribing patterns, and patient demographics. 

For instance, a customer segmentation model 

developed using prescriber data from markets with 

specialist-driven care may fail when applied to 

markets dominated by general practitioners. 
 

Regional variations extend beyond data 

characteristics to encompass regulatory constraints 

that limit model functionality. GVPR in Europe 

and the development of new frameworks in the 

Asia Pacific regions have placed restrictions on 

data collection, processing, and cross-border 

movement of data. These regulatory differences 

will add complexity where models will need to be 

adapted for compliance in addition to performance. 

The importance of systematic frameworks for 

managing complexity in heterogeneous 

environments has been well established in related 

domains (Moravcik, M, et al., 2024). 

The economic implications of limited model 

portability are substantial. Organizations currently 

resort to developing market-specific models, 

duplicating efforts across regions, and increasing 

development costs exponentially. This approach 

not only strains resources but also creates 

maintenance challenges as multiple models must 

be updated and validated independently. 
 

RESEARCH OBJECTIVES AND 
CONTRIBUTIONS 
This article addresses fundamental questions 

regarding the feasibility and methodology of 

creating portable ML models for global 

pharmaceutical commercial operations. The 

primary objective is to develop a comprehensive 

framework that enables models to maintain 

performance across diverse markets while 

respecting regional constraints and variations. This 

framework aims to bridge the gap between 

centralized model development and localized 

deployment requirements. 
 

The proposed framework introduces novel 

applications of advanced ML techniques 

specifically adapted for pharmaceutical contexts. 

By leveraging federated learning architectures, the 

framework enables collaborative model training 

without centralizing sensitive data, addressing 

privacy concerns while capturing market-specific 

patterns. Domain adaptation techniques are 

employed to align feature representations across 

markets, reducing the impact of distributional 

differences. Transfer learning strategies facilitate 

efficient model customization for new markets, 

minimizing the data requirements for achieving 

acceptable performance. 
 

A key contribution lies in the integration of causal 

inference methods to identify stable predictive 

relationships that transcend regional boundaries. 

This approach moves beyond correlation-based 

modeling to focus on causal mechanisms that 

remain consistent across markets, enhancing 

model robustness. Moreover, the framework 

includes continuous monitoring and adaptation 

components, which observe performance decline 

and respond to different actions. 
 

The anticipated impact of the use of this 

framework includes not simply a technical 

improvement, but a strategic revolution of global 

pharmaceutical commercialization as a whole. By 

enabling reliable and cross-market model 

implementation, the framework reduces 

development costs, increases market speed, and, 

most importantly, enables consistency in decision-

making across different regions. Overall, the 

framework prepares pharmaceutical organisations 

to capitalize on their global scale, while also 

aligning with the nuances of local markets. 
 

Article Structure 

The following sections build the proposed 

framework in a structured way and then provide 

evidence for whether the framework works or not. 

Section 2 offers an extensive discussion of the 

hurdles associated with cross-market model 

deployment, including technical, regulatory, and 

operational issues that limit today’s strategies. In 

developing this discussion, we touch on the 

parallels with work on cloud portability to 

highlight the cross-market dilemmas in the pharma 

space in broader computational and policy settings. 

Section 3 presents an empirical investigation of 

model degradation patterns across multiple 

pharmaceutical markets. Through systematic 

evaluation of commercial datasets, this section 

quantifies the impact of market differences on 

model performance and identifies key factors 

contributing to portability failures. Section 4 

introduces the strategic framework for enhanced 

model portability, detailing technical components 

including domain adaptation, transfer learning, and 

federated learning architectures. 
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Section 5 translates theoretical advances into 

practical implementation guidelines, providing 

concrete recommendations for deploying portable 

ML systems in pharmaceutical organizations. Case 

studies from multinational pharmaceutical 

companies illustrate successful applications and 

lessons learned. Finally, Section 6 synthesizes 

findings and outlines future directions for 

advancing model portability in pharmaceutical and 

healthcare contexts. 
 

Challenges in Cross-Market Model 

Deployment 
Technical Complexities 

Implementing machine learning models across 

pharmaceutical markets in different countries has 

some fundamental technical challenges due to the 

inherent heterogeneity of global healthcare data 

ecosystems. Data heterogeneity can manifest in a 

number of ways, including data collection 

methods, features available, and time granularity, 

and these disparities can present significant 

challenges to managing drug development costs 

and timelines. For example, while some incumbent 

markets have sophisticated digital infrastructure 

that provides detailed prescription histories at the 

individual prescriber level, emerging markets may 

only provide aggregate data at the regional scale. 

Disparities such as these will present a host of 

challenges to models that require stable features, 

quality standards for data, etc. 
 

Differences in distributions of features represent a 

key technical risk to model portability. Features 

that yield benefit in developing predictive 

performance in one market will often take on 

substantially different statistical characteristics in 

alternate markets and thus result in systematic 

model failure. These differences stem from overall 

differences in healthcare practices, patient types, 

and the patients' comorbidities by area. The 

phenomena of dataset shift were thoroughly 

considered in the seminal work on machine 

learning (Quiñonero-Candela, J. 2009) and helped 

create a theoretical way of framing these issues. 

Models can experience degradation through 

dataset shift when the joint distribution of inputs 

and outputs is different at training and when being 

used, and cannot be obtained through simple 

recalibration of the model. 
 

Covariate shift, a specific form of dataset shift 

where the input distribution changes while the 

conditional distribution of outputs given inputs 

remains stable, is particularly prevalent in 

pharmaceutical applications. This occurs when 

prescriber characteristics, patient populations, or 

treatment options vary across markets while the 

underlying clinical relationships remain consistent. 

The impact of such shifts on model validation and 

performance assessment has been rigorously 

analyzed in cross-validation contexts (Moreno-

Torres, J. G. et al., 2012)  revealing how 

traditional evaluation methods may fail to detect 

portability issues during development. 
 

Model performance degradation follows 

predictable patterns when deployment crosses 

market boundaries. Initial symptoms include 

reduced predictive accuracy, increased variance in 

predictions, and systematic bias in specific patient 

or prescriber segments. These degradation patterns 

often compound over time as market dynamics 

evolve, creating drift that further distances the 

deployment environment from training conditions. 

Understanding these patterns requires 

sophisticated monitoring systems that can 

distinguish between natural market evolution and 

fundamental model inadequacy. 

 

Table 1: Common Dataset Shift Types in Pharmaceutical Markets. 
Shift Type Definition Pharmaceutical Example Impact on Model 

Covariate Shift P(X) changes, P(Y|X) stable Physician demographics vary between 

markets 

Feature distribution mismatch 

Prior Probability 

Shift 

P(Y) changes Disease prevalence differences Prediction calibration errors 

Concept Shift P(Y|X) changes Treatment guidelines vary by country Fundamental relationship 

changes 

Domain Shift Combined changes Healthcare system differences Complete model failure 

Sample Selection 

Bias 

Non-representative training 

data 

Clinical trial populations vs. real-world Systematic prediction bias 

 
 

Regulatory and Compliance Barriers 

The pharmaceutical industry navigates complex 

regulatory environments that vary widely by 

jurisdiction, leading to significant challenges 

around model portability. Data privacy statutes are 

the most immediate regulatory concern, and data 

privacy frameworks such as the General Data 

Protection Regulation (GDPR) in Europe impose 

strict regulations regarding the processing, storage, 

and cross-border transfer of personal data. These 
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requirements fundamentally change the utility of 

centrally trained models, which has been easy for 

other industries. The Health Insurance Portability 

and Accountability Act (HIPAA) in the U.S. 

creates an additional hurdle, particularly when a 

model uses patient-level data or outcomes data. 

In addition to privacy-related considerations, 

pharmaceutical marketing regulations impose 

constraints on the functionality and application of 

a model specific to the market in which it operates. 

Many jurisdictions still follow strict guidelines 

generally when it comes to promotional activities 

and, as a result, limit the extent anywhere a 

predictive model can be used to identify and 

interact with healthcare professionals. In some 

markets, using prescribing data for commercial 

purposes is completely prohibited, while in other 

markets the same use may be acceptable in 

particular instances. The diversity of approaches 

creates situations where the technological 

adaptations presented in this document may 

require not only changes to the technical aspects of 

the model, but fundamental shifts in objectives and 

use cases across markets. 

The use of clinical trial data presents additional 

regulatory complexities that may impact model 

development and deployment. Clinical trial data is 

one of the key components of pharmaceutical 

commercial models; however, the regulations 

around its use for predictive analytics, also called 

predictive modeling, differ dramatically between 

markets. Some markets will allow for virtually 

unrestricted use of clinical trial data for 

commercial modeling, while others limit its use to 

specific contexts or require the explicit consent of 

the clinical trial participants to use the data from 

the trial when their study or cohort is no longer 

being studied. These limitations will naturally 

create asymmetries in the data that can be used to 

train models across markets and could affect 

model performance. 
 

The regulatory environment is changing again, 

with new frameworks for artificial intelligence and 

automated decision-making shifting the 

compliance landscape even further. Markets are 

beginning to add AI-centric regulations with 

requirements related to transparency, 

explainability, and fairness for automated systems. 

Often, regulatory ecosystems vary, creating a 

situation where a compliant model in one 

regulatory jurisdiction will violate requirements in 

another. Regulatory fragmentation requires more 

sophisticated governance frameworks in ways that 

can adapt model behaviour according to local 

requirements, while having global consistency. 
 

Healthcare System Variations 

Rooted differences in healthcare delivery models 

across international markets create structural 

variations for model portability that go well 

beyond technical variations. Some healthcare 

systems are integrated single-payer models with 

centralized decision-making (and all medications 

are created equal), while others are a highly 

fragmented and chaotic private insurance system, 

and there is distributed authority within the 

system, and every trailblazer wants to differentiate 

their offering. Structural differences in healthcare 

systems have significant implications for the data 

created, the supporting decision-making that 

models will have to facilitate, and the stakeholders 

engaged in pharmaceutical commercialization. 

Due to differences in clinical guidelines, formulary 

constraints, and reimbursement, patterns of 

prescriptions will vary greatly across markets. 

Formulary constraints impose regularity in 

prescription decisions aligned with coverage 

policies, whereas markets where physicians have 

greater autonomy show much more variability in 

prescriptions. Differences will affect not only the 

target variables for which models will predict, but 

also the structure of the relationships among the 

features that lead to those predictions. A model 

that has been trained to predict prescribing 

likelihood in a formulary-managed market may 

have no chance of accurately predicting in markets 

where physician preference trumps formulary-

based decision-making. 
 

Reimbursement structures add another area of 

complexity that has implications for model 

portability across markets. There are many types 

of reimbursement structures employed, including 

fee-for-service reimbursement models that 

incentivize volume and value-based 

reimbursement models that incentivize outcomes. 

These structures drive prescriber behaviour, 

influence patient access, and create the eventual 

commercial landscape that models need to 

represent. Markets that are transitioning toward 

value-based care have developed new data and 

decision criteria that may not exist in markets that 

continue to use traditional reimbursement 

structures. 
 

Electronic health record (EHR) adoption and data 

availability vary significantly across global 

markets, leading to fundamental disparities in the 

data available for modeling development and 
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deployment. More advanced markets with near-

universal EHR adoption generate rich, longitudinal 

patient data that provides a powerful basis for 

predictive modeling, whereas countries with 

limited digital infrastructure may rely on claims 

data, surveys, or aggregate reporting, which offer 

less granularity of information. These different 

types of data availability not only impact model 

performance, but also dictate what modeling 

options are interchangeable in each market. 
 

Cultural and Behavioral Factors 

Cultural dimensions of health care can create often 

unnoticed, but important, challenges to model 

portability at a population risk level. Patient 

behavior can vary across cultures, influenced by 

variables such as health literacy, trust in the health 

care system, beliefs about medication versus non-

pharmaceutical interventions, and family dynamics 

related to health care decision making. These 

cultural behavior discrepancies generally manifest 

themselves as propensities that modelers need to 

understand, including medication adherence or 

health system user rates. Models developed using 

data from individualistic societies may 

misinterpret observed patterns in collectivistic 

cultures where interdependent family functioning 

is prominent in decision making related to 

treatment. 
 

Prescribing practices of physicians are complicated 

behaviors shaped by innumerable cultural and 

educational influences that differ in each market. 

Medical education systems vary in how much they 

are reliant on evidence-based medicine versus 

clinical medicine as a method of assessing and 

introducing new treatments. Cultural factors that 

influence prescribing practices include attitudes 

toward innovation, tolerance of risk, and 

relationships with the pharmaceutical industry. 

Prescribing preferences consolidate regionally 

across markets, which further complicates models' 

transferability. 
 

Healthcare-seeking behaviors show cultural 

differences that shape the context for which 

pharmaceutical commercial models work. Certain 

cultures, for example, place value on prevention 

and early intervention, producing different patterns 

of data compared to cultures that rely on engaging 

in health care primarily when they are 

experiencing acute episodes. Culturally, there are 

also differences in traditional medicine, alternative 

therapies, and self-medicating. The cultural 

differences around the dynamics of the 

pharmaceutical market also exist. These patterns 

will shape the context for when people engage in 

health care, and how open they are to trying 

solutions provided by pharmaceutical 

interventions. 
 

Adherence to treatment is an essential behavioral 

component which is highly variable by culture and 

healthcare system. Adherence reflects multi-

faceted and complex relationships between cultural 

beliefs about drugs, economic factors, healthcare 

system encouragement, and social contexts. 

Contexts where community health programs are 

highly developed can exhibit different adherence 

than those that rely on individual responsibility. 

These patterns will affect the real-world 

effectiveness of pharmaceuticals, and the models 

used to predict commercial outcomes. To 

appreciate and accommodate these cultural and 

behavioral components requires models that can 

demonstrate context proportions, rather than 

assume universal, uniform relationships. 
 

Analysis of Model Degradation Across 

Markets 
Empirical Study Design 

The study of model degradation in pharma 

commercial analytics is complexity lessened by 

complete, careful empirical studies as they 

incorporate the vast diversity of global market 

differences. Multinational pharmaceutical datasets 

that capture all the complexities associated in such 

analysis include diverse data from multiple sources 

including prescription records, healthcare 

professional databases, patient demographics, and 

market dynamics indicators. Multinational datasets 

can cover many therapeutic areas, along with 

developed and developing markets, limiting the 

challenges of heterogeneity associated with use in 

real markets. There needs to be trade-offs between 

selecting datasets to be representative versus being 

cognizant of data quality to ensure that the 

degradation observed in model performance 

reflects true differences in markets, rather than 

uncontrolled artifacts present to the data collection 

process. 
 

Market selection for comparative analysis follows 

strategic criteria that maximize insight into 

portability challenges. The chosen markets 

typically include representatives from different 

healthcare system archetypes, ranging from single-

payer systems to insurance-based models, and 

from highly regulated to more liberal 

pharmaceutical environments. Geographic 

diversity ensures coverage of cultural and 

behavioral variations, while economic diversity 
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captures differences in healthcare infrastructure 

and digital maturity. This multi-dimensional 

market selection enables the identification of 

degradation patterns that may be masked when 

comparing only similar markets. 
 

Model architectures employed in degradation 

studies span the spectrum of machine learning 

approaches commonly used in pharmaceutical 

commercial analytics. These include traditional 

statistical models that serve as baselines, ensemble 

methods that combine multiple learners, and deep 

learning architectures that capture complex non-

linear relationships. The diversity of model 

architectures is essential for understanding whether 

degradation patterns are model-specific or 

represent fundamental challenges in cross-market 

deployment. Evaluation metrics extend beyond 

simple accuracy measures to encompass fairness 

metrics, calibration assessments, and business-

relevant performance indicators that reflect the 

commercial impact of model predictions. 
 

The experimental design incorporates multiple 

validation strategies to ensure robust conclusions 

about model degradation. Cross-market validation 

protocols test models trained in one market on data 

from others, revealing immediate portability 

challenges. Temporal validation assesses model 

stability over time within and across markets, 

capturing drift effects. The combination of these 

validation approaches provides a comprehensive 

view of model behavior under various deployment 

scenarios, enabling the identification of both acute 

and gradual degradation patterns. 
 

Sources of Performance Degradation 

Feature importance shift represents a primary 

mechanism through which models experience 

degradation when deployed across markets. 

Advanced algorithms for feature importance 

recognition (Li, J., Wang, R., & Zheng, W. 2023) 

reveal how the predictive power of individual 

features varies dramatically between training and 

deployment environments. In pharmaceutical 

contexts, features that strongly predict prescribing 

behavior in one market may have minimal impact 

in another due to differences in healthcare systems 

or regulatory constraints. For instance, a 

physician's specialty might be highly predictive in 

markets with clear specialist-prescriber hierarchies 

but less relevant in markets with integrated care 

models. 
 

The quantification of feature importance shifts 

requires sophisticated analytical approaches that 

go beyond simple correlation analysis. Modern 

techniques examine not only the magnitude of 

importance changes but also the interactions 

between features that may emerge or disappear 

across markets. These analyses reveal that 

degradation often results from complex changes in 

feature relationships rather than simple shifts in 

individual feature relevance. The identification of 

stable feature sets that maintain importance across 

markets becomes crucial for developing portable 

models. 
 

Distribution mismatch between markets manifests 

in multiple forms that collectively contribute to 

model degradation. The comprehensive framework 

for understanding dataset shift (Gilo, O., Mathew, 

J, et al., 2023) provides theoretical foundations for 

categorizing these mismatches. Prior probability 

shift occurs when the prevalence of outcomes 

differs between markets, such as varying 

prescription rates for specific therapeutic classes. 

Covariate shift, where feature distributions change 

while maintaining conditional relationships, is 

particularly common when patient demographics 

or physician characteristics differ across markets. 

Concept shift, representing changes in the 

fundamental relationship between features and 

outcomes, poses the most severe challenge to 

model portability. 
 

Bias detection and measurement in cross-market 

deployments require sophisticated methodologies 

that can distinguish between acceptable 

performance variations and problematic systematic 

biases. These biases may manifest as consistent 

over- or under-prediction for specific patient 

populations, therapeutic areas, or physician 

segments. The measurement approaches must 

account for the legitimate differences in market 

characteristics while identifying biases that could 

lead to inappropriate commercial strategies or 

ethical concerns. Multi-dimensional bias 

assessment examines fairness across various 

protected attributes and business-relevant 

segments, ensuring that models maintain equitable 

performance across diverse populations. 

 

 

 

 

Table 2: Model Degradation Patterns Across Market Types  
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Source 

Market 

Target Market Primary Degradation 

Source 

Feature 

Importance Shift 

Typical Performance 

Impact 

Single-payer Multi-payer Reimbursement 

complexity 

High Severe 

High EHR 

adoption 

Low EHR 

adoption 

Data granularity Very High Critical 

Specialist-

driven 

GP-driven Prescriber hierarchy Moderate Significant 

Mature 

therapeutic 

Emerging 

therapeutic 

Historical data 

availability 

High Severe 

Regulated 

pricing 

Free pricing Market dynamics Moderate Moderate 

 

Case Studies of Failed Model Transfers 

Real-Life Examples of Unadjusted Model 

Implementation illustrate the real-world 

implications of not addressing cross-market 

portability issues. A typical case involves customer 

segmentation models built in data-rich markets 

failing miserably when deployed in emerging 

markets. The failure typically manifests as 

misclassifying a key high-value prescriber, 

wasting time and resources on the wrong 

audiences and missing out on that engagement. 

When we look at the case studies of these failures, 

it often becomes clear that failure arises from 

implicit assumptions within the model that do not 

hold in the deployment environment. 
 

Another category of failure involves predictive 

models for treatment adoption that perform well in 

markets with established therapeutic categories but 

fail in markets where the treatment represents a 

novel intervention. These models often rely on 

historical prescription patterns and physician 

preferences that simply do not exist in new 

markets. The attempted transfer of such models 

without adaptation results in predictions that bear 

little relationship to actual adoption patterns, 

leading to flawed launch strategies and revenue 

forecasts. 
 

Performance degradation in failed transfers 

exhibits characteristic patterns that provide 

insights into underlying causes. Initial deployment 

often shows moderately reduced accuracy that may 

seem acceptable, but performance continues to 

deteriorate as market dynamics evolve. This 

degradation acceleration occurs because models 

lack the adaptive capacity to adjust to local market 

evolution, having been trained on static snapshots 

from different environments. The compounding 

effect of multiple small misalignments eventually 

renders models entirely unreliable. 
 

Business impact assessment of failed model 

transfers reveals substantial commercial 

consequences beyond simple prediction errors. 

Misallocated sales force efforts result in reduced 

return on commercial investments, while 

inaccurate market forecasts lead to supply chain 

disruptions and inventory challenges. The 

reputational impact of failed model deployments 

can damage relationships with healthcare 

professionals who receive inappropriate 

engagement based on flawed predictions. These 

business impacts underscore the critical 

importance of addressing portability challenges 

before deployment rather than attempting 

corrections after failure. 
 

Key Findings and Patterns 

Common failure modes identified through 

systematic analysis of model degradation reveal 

recurring patterns that transcend specific models or 

markets. Feature availability mismatch represents 

the most frequent failure mode, where models 

depend on data elements that are either unavailable 

or unreliable in deployment markets. Temporal 

inconsistency emerges as another critical failure 

pattern, where models trained on mature market 

data fail to accommodate the different lifecycle 

stages of products in emerging markets. 

Regulatory constraint violations occur when 

models make assumptions about permissible data 

usage or commercial activities that do not hold 

across jurisdictions. 
 

Market characteristics that most significantly 

affect portability include healthcare system 

structure, digital infrastructure maturity, and 

regulatory stringency. Markets with fragmented 

healthcare delivery systems show different 

degradation patterns than those with centralized 

systems, primarily due to variations in data 

consistency and decision-making processes. 

Digital infrastructure gaps create fundamental 

limitations on model complexity and data 
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freshness that cannot be overcome through 

technical solutions alone. Regulatory differences 

create hard constraints that require model redesign 

rather than simple parameter adjustment. 
 

Critical features prone to regional variation have 

been identified through cross-market importance 

analysis. Physician demographic features show 

substantial variation in predictive power due to 

different medical education systems and practice 

patterns. Patient socioeconomic indicators exhibit 

complex interactions with healthcare access that 

vary by market structure. Treatment history 

features depend heavily on the availability and 

accuracy of historical records, which differs 

dramatically across markets. Competitive 

landscape features reflect market-specific 

dynamics that rarely transfer directly between 

regions. 
 

The synthesis of findings reveals that successful 

model portability requires more than technical 

solutions to handle distribution shifts. It demands a 

fundamental rethinking of model design to 

incorporate market context explicitly rather than 

treating it as noise. The patterns identified suggest 

that portable models must be designed with 

flexibility to accommodate market-specific 

variations while maintaining stable core 

functionality. This insight drives the development 

of advanced frameworks that balance global 

consistency with local adaptation, moving beyond 

traditional approaches that assume universal 

applicability of models trained in single markets. 
 

Strategic Framework for Enhanced Model 

Portability 
Domain Adaptation Techniques 

The pharmaceutical industry's global reach 

necessitates sophisticated domain adaptation 

techniques that can bridge the gap between source 

markets where models are developed and target 

markets where they are deployed. Unsupervised 

domain adaptation approaches have emerged as 

particularly valuable in pharmaceutical contexts 

where labeled data in target markets may be scarce 

or expensive to obtain. These techniques leverage 

the abundance of unlabeled data available in most 

markets to learn representations that transfer 

effectively across domains. Recent advances in 

robust unsupervised adaptation through optimal 

transport (Gilo, O., Mathew, J, et al., 2023) 

provide powerful frameworks for aligning 

distributions between markets while maintaining 

model performance. 
 

The fundamentals of domain adaptation methods 

are feature alignment and distribution matching. 

These methods modify feature spaces to lessen 

differences between source and target domains and 

maximally retain the discriminative power of 

distinguishing features/needing those to properly 

predict with crossover domain data. In commercial 

pharmaceutical analytics, this may involve 

aligning physician prescribing behaviors across 

healthcare systems in major markets or aligning 

patient demographic distributions across 

geographic regions with unique disease 

prevalence. Alignment must also contend with the 

need for matching distributions while preserving 

market uniqueness when warranted to influence 

outcomes. 

Adversarial training for domain-invariant 

representations represents a cutting-edge approach 

to creating models that perform consistently across 

markets. This methodology employs adversarial 

networks that attempt to distinguish between 

source and target domain data while the main 

model learns representations that fool the 

discriminator. In pharmaceutical applications, this 

approach helps create models that focus on 

fundamental relationships between prescriber 

characteristics and prescription behavior rather 

than market-specific artifacts. The adversarial 

framework ensures that learned representations 

capture clinically relevant patterns that transcend 

geographic boundaries while remaining robust to 

superficial differences in data collection or market 

structure. 
 

The implementation of domain adaptation in 

pharmaceutical contexts requires careful 

consideration of regulatory and ethical constraints. 

Unlike typical computer vision or natural language 

processing applications, pharmaceutical models 

must maintain interpretability and auditability 

across domains. This requirement influences the 

choice of adaptation techniques, favoring 

approaches that preserve feature semantics and 

allow for clear explanation of model decisions in 

each market. The framework must also ensure that 

adaptation does not inadvertently introduce biases 

or compromise patient safety by overcompensating 

for legitimate market differences. 
 

Transfer Learning Strategies 

Transfer learning strategies provide strong 

approaches to apply knowledge leveraged in data-

rich markets to improve model performance in 

data-scarce markets. In the case of 

pharmaceuticals, pre-training and fine-tuning 

approaches have been particularly effective 



  

 
 

119 
 

Nalam.S. Sarc. Jr. Eng. Com. Sci. vol-4, issue-6 (2025) pp-111-124 

Copyright © 2022 The Author(s): This work is licensed under a Creative Commons Attribution- NonCommercial-NoDerivatives 4.0 
(CC BY-NC-ND 4.0) International License 

Publisher: SARC Publisher 
 

because, in pharmaceuticals, some markets have 

extensive historical data while others are 

emerging. The typical pre-training phase of 

transfer learning involves learning general 

representations from large-scale datasets in 

established markets and capturing underlying 

correlations in prescriber behavior, patient 

responses, and market behavior. The pre-trained 

models are then used as the starting point for fine-

tuning in a new market, and the data required for 

acceptable performance is significantly reduced 

relative to if there had been no pre-training. 
 

The fine-tuning process in pharmaceutical transfer 

learning requires sophisticated strategies that go 

beyond simple parameter adjustment. Model-

agnostic transfer learning approaches (Li, A., 

Wang, Z, et al., 2023) provide flexibility in 

adapting various model architectures to new 

markets without complete retraining. These 

strategies identify which model components 

capture universal patterns versus market-specific 

behaviors, enabling selective fine-tuning that 

preserves valuable general knowledge while 

adapting to local conditions. In pharmaceutical 

contexts, this might involve maintaining layers that 

capture clinical relationships while adjusting those 

that model market-specific commercial dynamics. 
 

Multi-task learning for shared representations 

extends transfer learning by simultaneously 

optimizing models for multiple markets or 

objectives. This approach recognizes that 

pharmaceutical markets, while different, share 

fundamental commonalities in how healthcare 

decisions are made. By learning representations 

that support predictions across multiple markets 

simultaneously, models develop more robust and 

generalizable features. For instance, a multi-task 

framework might simultaneously predict 

prescription likelihood across several markets, 

forcing the model to identify features that have 

consistent predictive power while accounting for 

market-specific variations through task-specific 

layers. 
 

Progressive adaptation techniques provide 

structured approaches for gradually transferring 

models across increasingly different markets. 

Rather than attempting direct transfer from source 

to target markets with substantial differences, 

progressive adaptation identifies intermediate 

markets that bridge the gap. This strategy proves 

particularly valuable when expanding from 

developed to emerging markets, where direct 

transfer often fails due to fundamental 

infrastructure differences. The progressive 

approach allows models to gradually adapt to 

changing conditions, maintaining performance 

while accommodating increasing levels of market 

divergence. 
 

Federated Learning Implementation 

Federated learning represents a disruptive 

capability for building global pharmaceutical 

models while protecting sensitive data and 

complying with regulations that restrict centralized 

data from different markets. Privacy-preserving 

collaborative training allows multiple markets to 

enable algorithm/model training without disclosing 

sensitive data for patients or prescribers. This 

method is useful in pharmaceutical contexts, where 

data protection regulations differ greatly from 

jurisdiction to jurisdiction and often strictly 

prohibit cross-border data sharing. The federated 

framework allows each market to engage with the 

model in a positive way and even to gain insights 

from the behaviours of their markets in the context 

of global behaviour. 
 

The challenge of handling non-identically and 

independently distributed (non-IID) data across 

markets represents a fundamental obstacle in 

pharmaceutical federated learning. Unlike typical 

federated learning scenarios where data differences 

arise from user preferences, pharmaceutical non-

IID data reflects fundamental differences in 

healthcare systems, disease prevalence, and 

treatment practices. Advanced federated 

algorithms must account for these systematic 

differences while still extracting valuable shared 

knowledge. This requires sophisticated 

aggregation strategies that weight contributions 

based on data quality, market relevance, and 

statistical properties rather than simple averaging. 
 

Communication-efficient algorithms become 

critical when implementing federated learning 

across global pharmaceutical markets with varying 

technological infrastructure. Markets with limited 

bandwidth or computational resources cannot 

participate effectively in frameworks requiring 

frequent model updates or large parameter 

transfers. Efficient algorithms compress model 

updates, selectively communicate important 

parameters, and minimize communication rounds 

while maintaining model convergence. These 

optimizations ensure that all markets can 

participate in collaborative learning regardless of 

their technological constraints. 
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In terms of the implementation of federated 

learning in pharmaceutical contexts, there is a 

different set of challenges to be overcome that are 

associated with competitive behaviours and 

intellectual property. Even though often markets 

will work together to improve the model overall, 

we see push back to share any market-specific 

information that is necessary to maintain a 

competitive position in that market. Therefore, the 

framework can incentivise models that allow for 

selective sharing, meaning only a limited, 

identifiable portion of the model can contribute to 

global learning while not sharing the remainder of 

the model. This layered use of federated learning 

exemplifies the underlying dynamic between 

collaboration and competitive action in global 

pharmaceutical markets. 

 

Table 3: Federated Learning Implementation Challenges and Solutions (Li, A., Wang, Z,et al., 2023; Raza, 

H., Cecotti, H., Li, Y., & Prasad, G. 2015) 

Challenge Pharmaceutical Context Technical Solution Practical Consideration 

Non-IID Data Market heterogeneity Personalized FL algorithms Market clustering 

Communication Cost Global deployment Gradient compression Infrastructure requirements 

Privacy Requirements Regulatory compliance Differential privacy Performance trade-offs 

System Heterogeneity Varied IT infrastructure Asynchronous updates Coordination complexity 

Byzantine Failures Data quality issues Robust aggregation Validation mechanisms 
 

Causal Inference and Robustness 

Causal inference methods provide principled 

approaches for identifying stable relationships that 

persist across markets, moving beyond 

correlational patterns that may be market-specific. 

Causal feature selection for stability focuses on 

identifying variables that have genuine causal 

relationships with outcomes rather than spurious 

correlations that arise from market-specific 

confounders. In pharmaceutical applications, this 

might distinguish between prescriber 

characteristics that fundamentally influence 

prescription decisions versus those that merely 

correlate due to market structure. By building 

models on causal features, the framework ensures 

greater stability when deploying across markets 

with different confounding structures. 
 

Invariant risk minimization represents a powerful 

paradigm for creating models that maintain 

performance across diverse environments by 

focusing on invariant predictive relationships. This 

approach recognizes that while marginal 

distributions and spurious correlations may vary 

across markets, true causal relationships remain 

stable. The optimization process explicitly 

encourages models to rely on features and 

relationships that exhibit consistent behavior 

across multiple training environments. In 

pharmaceutical contexts, this might involve 

identifying prescriber response patterns that 

remain consistent regardless of healthcare system 

structure or reimbursement mechanisms. 
 

Counterfactual reasoning for market adaptation 

extends causal thinking to enable models to reason 

about hypothetical scenarios in new markets. This 

capability proves invaluable when entering 

markets where certain interventions or conditions 

have not been observed but where predictions are 

still required. Counterfactual frameworks allow 

models to leverage causal understanding from 

other markets to make reasonable predictions 

about novel scenarios. For instance, understanding 

the causal impact of formulary restrictions in one 

market enables predictions about similar 

restrictions in markets where they have not yet 

been implemented. 
 

The integration of causal inference with machine 

learning for pharmaceutical applications requires 

careful balance between theoretical rigor and 

practical applicability. While pure causal models 

may sacrifice some predictive accuracy for 

interpretability and stability, hybrid approaches 

can leverage both causal and associational patterns 

appropriately. The framework must provide 

mechanisms for determining when causal stability 

is paramount versus when market-specific 

associations provide valuable predictive power. 

This nuanced approach ensures that models remain 

both scientifically grounded and commercially 

effective across diverse global markets. 
 

Implementation Guidelines and Best 

Practices 
Covariate Shift Detection and Monitoring 

The successful deployment of machine learning 

models across global pharmaceutical markets 

requires robust mechanisms for detecting and 

responding to covariate shifts in real-time. 

Statistical tests for distribution changes form the 

foundation of effective monitoring systems, 

enabling early detection of market divergence 
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before it impacts business outcomes. Advanced 

detection methods for non-stationary environments 

(Raza, H., Cecotti, H., Li, Y., & Prasad, G. 2015) 

provide frameworks specifically designed to 

identify subtle shifts that may not be immediately 

apparent through simple performance metrics. 

These tests examine multiple aspects of data 

distributions, including marginal distributions of 

individual features, joint distributions of feature 

combinations, and temporal patterns that may 

indicate evolving market conditions. 
 

Real-time performance monitoring systems in 

pharmaceutical contexts must balance sensitivity 

to meaningful changes with robustness to normal 

market fluctuations. These systems continuously 

evaluate model predictions against observed 

outcomes, tracking not only aggregate accuracy 

but also performance across critical segments such 

as high-value prescribers or specific therapeutic 

areas. The monitoring infrastructure must 

accommodate the delayed feedback inherent in 

pharmaceutical applications, where prescription 

outcomes may not be observable for weeks or 

months after predictions are made. This temporal 

lag requires sophisticated attribution mechanisms 

that can connect current model behavior to 

eventual business outcomes while accounting for 

confounding factors. 
 

Trigger mechanisms for model retraining represent 

critical decision points that balance the need for 

adaptation with the costs and risks of model 

updates. In pharmaceutical applications, these 

triggers must consider multiple factors beyond 

simple performance thresholds. Regulatory 

changes may necessitate immediate model updates 

regardless of performance metrics, while seasonal 

patterns in prescription behavior may trigger false 

alarms if not properly accounted for. The 

framework implements hierarchical triggering 

systems that distinguish between minor 

adjustments requiring parameter tuning and major 

shifts demanding complete model retraining or 

architectural changes. 
 

The implementation of covariate shift detection in 

pharmaceutical settings must also address the 

challenge of incomplete information. Unlike 

domains with immediate feedback, pharmaceutical 

models often operate with partial observability, 

where true outcomes may never be fully known. 

For instance, a model predicting prescription 

potential may never observe the counterfactual of 

what would have happened with different 

commercial strategies. This incomplete feedback 

requires sophisticated imputation and uncertainty 

quantification methods that can distinguish 

between genuine covariate shift and observation 

bias. 
 

Meta-Learning for Rapid Adaptation 

Meta-learning approaches offer transformative 

potential for pharmaceutical organizations entering 

new markets with limited local data. Few-shot 

learning techniques enable models to adapt quickly 

to new market conditions by leveraging meta-

knowledge about how markets differ and how 

models should adapt. These techniques prove 

particularly valuable when launching products in 

emerging markets where historical data is scarce 

but rapid market entry is critical. The meta-

learning framework learns generalizable 

adaptation strategies from experience across 

multiple markets, encoding knowledge about 

which model components typically require 

adjustment and how to efficiently explore the 

space of possible adaptations. 
 

Model-agnostic meta-learning (MAML) 

applications in pharmaceutical contexts 

demonstrate the power of learning to learn across 

diverse market conditions. The continuous 

adaptation frameworks developed for dynamic 

environments (Li, J., & Hu, M. 2020)  provide 

blueprints for pharmaceutical applications where 

market conditions evolve continuously. These 

approaches enable models to maintain 

performance through ongoing market changes 

without requiring complete retraining. In 

pharmaceutical applications, MAML might learn 

how to quickly adapt customer segmentation 

models when entering markets with different 

specialist distributions or how to adjust 

promotional response models for markets with 

varying digital engagement levels. 
 

Gradient-based adaptation strategies provide 

efficient mechanisms for fine-tuning models with 

minimal data while preserving valuable knowledge 

from other markets. These strategies carefully 

orchestrate the adaptation process, identifying 

which parameters should change rapidly versus 

those that should remain stable to preserve general 

knowledge. In pharmaceutical contexts, this might 

involve rapid adaptation of market-specific 

thresholds while maintaining stable clinical 

relationship models. The gradient-based approach 

also enables uncertainty-aware adaptation, where 

the confidence in adaptations reflects the amount 

and quality of available local data. 
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The practical implementation of meta-learning in 

pharmaceutical organizations requires careful 

integration with existing model development and 

deployment pipelines. Unlike traditional machine 

learning workflows that assume stable deployment 

environments, meta-learning frameworks must 

support continuous adaptation and learning. This 

requires infrastructure for efficient model updates, 

version control systems that track market-specific 

adaptations, and governance processes that ensure 

adaptations remain within acceptable bounds. The 

framework must also support interpretability 

requirements, enabling stakeholders to understand 

not just what adaptations were made but why they 

were necessary. 
 

Fairness and Bias Mitigation 

Cross-market fairness measures for pharmaceutical 

applications focus on larger issues of healthcare 

equity and access, which lie beyond the traditional 

metrics for algorithmic fairness. These measures 

must, at minimum, identify legitimate differences 

related to the incidence of disease and existing 

treatment patterns, while finding, measuring, and 

reducing unfair biases that could exacerbate health 

inequities. The framework employs 

multidimensional fairness measures that assess 

model behavior concerning patient demographics, 

geographic regions, and socioeconomic strata 

within each market separately. The measures also 

recognize that fairness measures may vary across 

markets given differing ethical frameworks and 

regulations across four market spaces. 
 

Debiasing techniques for global deployment must 

navigate the complex interplay between removing 

unwanted biases and preserving legitimate market 

differences. Advanced debiasing approaches 

employ causal reasoning to distinguish between 

acceptable variations that reflect genuine market 

characteristics and problematic biases that arise 

from historical inequities or data collection 

artifacts. In pharmaceutical contexts, this might 

involve ensuring that models do not perpetuate 

historical under-treatment of certain populations 

while still accounting for genuine differences in 

treatment responses or healthcare-seeking behavior 

across demographic groups. 
 

When thinking about an ethical framework for 

model transfer, there is a whole stack of ethical 

issues that are unique to healthcare applications. 

An ethical framework means deeming that models 

trained in rich resource contexts do not make 

unfair assumptions when being adopted into 

resource-constrained contexts. This narrative can 

be complicated when we consider the impact of 

the number of possible treatment modalities, 

available diagnoses of conditions, as well as the 

context of the healthcare system itself, which 

together legitimately alter the best treatment 

decisions to make. The ethical framework will also 

consider transparency and consent, so stakeholder 

groups within each market understand how the 

models develop decisions and what data has an 

impact within each model. 
 

The ongoing practices of fairness and bias 

mitigation indicate ongoing adjustment and 

monitoring, not an adjustment that is one-off or 

temporary. Market context dynamics, demographic 

shifts, and growing social consciousness indicate 

patterns of bias will not stay fixed over time. The 

ethical framework adapts fairness in ways that the 

model can detect emerging patterns of bias and 

then adapt the mitigation strategies. The ethical 

framework includes strategies for the model to 

consider, balance, and regularly audit decision 

making, set up mechanisms for stakeholders to 

provide feedback on model decisions, as well as 

allow the model to integrate shifting ethical norms 

into its own decision making. The goal is not just 

to achieve fairness at deployment but to maintain it 

throughout the model lifecycle across all markets. 
 

CASE STUDIES OF SUCCESSFUL 
IMPLEMENTATIONS 
Multinational pharmaceutical firms have 

demonstrated the practical value of comprehensive 

portability frameworks through successful 

deployments across diverse markets. One notable 

implementation involved a global oncology 

company that developed an adaptive customer 

engagement model capable of operating across 

markets with vastly different healthcare systems. 

The initial model, trained on data from established 

European markets, failed when directly applied to 

emerging Asian markets due to fundamental 

differences in treatment pathways and specialist 

networks. By implementing domain adaptation 

techniques and progressive transfer learning, the 

company achieved consistent performance across 

all target markets while respecting local treatment 

protocols and regulatory constraints. 
 

Another success story emerges from a 

pharmaceutical organization that leveraged 

federated learning to develop a global market 

access prediction model without centralizing 

sensitive pricing and reimbursement data. Each 

country organization maintained control over its 

confidential data while contributing to a global 
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model that predicted reimbursement outcomes for 

new products. The federated approach not only 

addressed data privacy concerns but also resulted 

in models that better captured market-specific 

nuances than previous centralized attempts. The 

implementation required sophisticated handling of 

non-IID data across markets with different 

healthcare financing systems but ultimately 

delivered superior predictions for new product 

launches. 
 

Performance gains resulting from these 

implementations go beyond just accuracy 

measures to include business value and operational 

efficiencies. Companies cite speed to launch in 

new countries is reduced, as new models can be 

quickly adapted rather than built from scratch. The 

value of being able to aggregate global insights but 

still allow for earthquakes and local context has 

permitted the creation of more sophisticated 

market strategies that better serve healthcare 

providers and patients. Resources can also be 

applied more effectively, as commercial teams 

apply marching orders based on forecast models 

that take into account local market conditions, 

rather than a single strategy applied across 

markets. 
 

The experiences gained from implementing these 

global models pinpoint the critical success factors 

needed to deploy a global model successfully. 

Clearly, no one can guarantee a successful 

outcome with the right level of technical 

sophistication in a "Global" model; in addition, 

how the organization is configured, how it 

collaborates between markets and local 

stakeholders, how governance is applied, and the 

overall culture also generate a significant factor in 

whether or not the model applies successfully. The 

successful implementations spent a great deal of 

effort on change management, to ensure that the 

local organizations understood and trusted their 

adapted models. Furthermore, the successful 

implementations created feedback loops that 

allowed for continued iteration towards improving 

the model based on the local market input. As part 

of strategic efforts to develop scalable approaches 

to application, the successful implementation 

represents a platform approach that allows for 

standardizing the way organizations adapt the 

model so they maintain the ability and flexibility 

in addressing local market needs. Platforms were 

developed to encode the best practices that were 

learned from multiple deployments so that entry 

into future markets (globally) is accelerated and 

the application maintains quality and compliance 

standards. 
 

CONCLUSION 
The evolution of machine learning models for 

deployment across global pharmaceutical markets 

is an important scientific opportunity, but it also 

creates challenges that require sophisticated 

technical and organizational solutions. The overall 

framework presented here shows that changing the 

characteristics of models to deploy them across 

global markets needs more than just technical 

alterations, as it would include aspects of domain 

adaptation, transfer learning, federated learning, 

and causal inference methods that together can 

address the complexity of model deployment in 

those new markets. I demonstrated through 

analysis of types of degradation and the causes of 

degradation that variations in healthcare systems, 

regulatory environments, and cultures represent 

fundamental challenges that cannot be simply 

addressed by better modeling practices. However, 

the systematic thinking employed for the process 

of adaptation and the technical developments for 

preservation of true model performance through 

adversarially trained domain invariant 

representations, meta-learning to ensure model 

adaption is based on prior knowledge of the 

countries that have been modelled, and privacy-

preserving federated architectures demonstrate 

possible ways forward in developing models that 

comply with individual markets integrity. 

Successful applications to date led by 

multinational pharmaceutical companies have 

demonstrated a real and tangible value to both the 

multiple countries this consideration of 

deployment across markets represents and the 

original cost and efficiency value of decision-

making across global markets. The rapid advances, 

both technological and regulatory, mean that 

market adaptation is inappropriate as models and 

markets change, as does the nature of our ethical 

responsibilities to be fair in all aspects of 

deployment. While the pharmaceutical sector 

undertakes its digital transformation, the principles 

and practices outlined here provide critical insights 

for organizations seeking to drive artificial 

intelligence globally, while helping to ensure 

models maintain relevance, compliance, and added 

value across the markets they serve. The future of 

pharmaceutical commercial analytics lies not in 

generating distinct models for each market, but in 

developing intelligent solutions that can learn, 

adapt, and flourish at the full extent of the global 

healthcare landscape - and ultimately improve 
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patient outcomes through better and more 

equitable commercialization. 
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