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In pharmacoepidemiologic research, propensity score methods are commonly used to balance treatment groups and ensure comparability in the probability of receiving a given therapy. These methods typically rely on baseline covariates to estimate treatment assignment and are often constructed using information measured at a single time point or within a predefined window prior to treatment initiation. Such covariates may include comedication, comorbidities, healthcare utilization, recent laboratory values, and indicators of disease severity over 6-mont or 1-year period.

However, patients’ treatment trajectories are inherently dynamic and heterogeneous. From the time of disease diagnosis to treatment initiation, and through successive lines of therapy, patients often follow distinct and evolving treatment pathways. These longitudinal patterns are not fully captured by conventional baseline summaries.

For example, among patients with rheumatoid arthritis (RA), initial treatment with conventional disease-modifying antirheumatic drugs (cDMARDs) may begin with methotrexate, followed by hydroxychloroquine, then sulfasalazine, with concurrent adjustments in glucocorticoid dosing such as prednisolone. Although many patients eventually escalate to advanced therapies such as Janus kinase inhibitors (JAK inhibitors) or tumor necrosis factor inhibitors (TNF inhibitors), the sequence, duration, and timing of prior treatments can vary substantially across individuals.

Consider two patients who both initiate JAK inhibitors after exposure to methotrexate, hydroxychloroquine, and sulfasalazine over a three-year period. One patient may have received one year of methotrexate, followed by three months of hydroxychloroquine and four months of sulfasalazine before switching to a JAK inhibitor. Another patient may have sequentially received one year of methotrexate, one year of hydroxychloroquine, and one year of sulfasalazine prior to initiating the same therapy. When propensity scores are estimated using baseline covariates defined over the same three-year window, these two patients may appear similar, as both are classified simply based on whether they received each medication during that period.

However, such an approach fails to distinguish between fundamentally different treatment trajectories. Transitions between cDMARDs may reflect underlying clinical factors, such as treatment response, adverse effects, or disease progression, which are not adequately captured by static baseline covariates. These dynamic changes in treatment patterns may encode important information related to both disease severity and treatment decision-making.

Therefore, when estimating propensity scores, it is important to incorporate longitudinal treatment histories and evolving medication patterns, rather than relying solely on static baseline summaries. Accounting for these dynamic processes may improve the characterization of treatment assignment mechanisms and reduce residual confounding in observational studies.
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To better characterize the probability of treatment for line of therapy, such as third-line treatments, a modeling framework that captures the dynamic and sequential nature of treatment pathways is required. Multi-state models provide an extension to conventional approaches by explicitly representing transitions across different treatment and disease states over time.

First, with respect to prior lines of therapy, multi-state models allow the representation of treatment sequences as transitions between discrete medication states. Each drug exposure (e.g., methotrexate, hydroxychloroquine, sulfasalazine) can be defined as a state, and switching patterns between therapies can be modeled as transitions. Importantly, the duration spent in each state (sojourn time) and the order of transitions can be incorporated into the model. This enables differentiation between patients with similar drug exposure histories but distinct temporal patterns, which would otherwise be indistinguishable using conventional basline approaches.

Second, multi-state models can be extended to incorporate time-varying treatment intensity or dose adjustments as part of the state structure or as internal time-dependent processes. For example, changes in prednisolone dosage can be conceptualized as transitions between dose-defined states (e.g., low, medium, high dose), or alternatively as continuous trajectories influencing transition intensities. Such representations allow the model to capture clinically meaningful treatment adaptations that reflect disease activity, treatment response, or adverse events, which are often overlooked in traditional propensity score models.

Third, multi-state modeling inherently accounts for disease progression over time by linking treatment pathways with evolving clinical states. The framework allows for the joint consideration of treatment transitions and disease severity states, enabling the estimation of transition-specific hazards that reflect both therapeutic decisions and underlying disease dynamics. This feature is particularly relevant when treatment escalation is driven by worsening disease, as it allows the incorporation of these intermediate processes into the modeling of treatment assignment.

By integrating these components, including treatment sequences, duration of exposure, dose trajectories, and disease progression, a multi-state models provide pathways of treatment. Analogous to how multi-state models estimate the probability of transitioning to specific clinical outcomes, this framework can be adapted to derive a more refined estimate of the probability of receiving a given treatment. In this context, the estimated transition probabilities or state occupation probabilities can be used to inform or construct a propensity score that reflects the dynamic and longitudinal nature of treatment decision-making.
