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Background: Treatment switching is a common challenge and opportunity in real-world clinical practice. Increasing diversity in disease-modifying treatments (DMTs) has generated interest in the identification of reliable and robust predictors of treatment switching across different countries, DMTs, and time periods.

Objective: The objective of this retrospective, observational study was to identify independent predictors of treatment switching in a population of relapsing-remitting MS (RRMS) patients in the Big Multiple Sclerosis Data Network of national clinical registries, including the Italian MS registry, the OFSEP of France, the Danish MS registry, the Swedish national MS registry, and the international MSBase Registry.

Methods: In this cohort study, we merged information on 269,822 treatment episodes in 110,326 patients from 1997 to 2018 from five clinical registries. Patients were included in the final pooled analysis set if they had initiated at least one DMT during the relapsing-remitting MS (RRMS) stage. Patients not diagnosed with RRMS or RRMS patients not initiating DMT therapy during the RRMS phase were excluded from the analysis. The primary study outcome was treatment switching. A multilevel mixed-effects shared frailty time-to-event model was used to identify independent predictors of treatment switching. The contributing MS registry was included in the pooled analysis as a random effect.

Results: Every one-point increase in the Expanded Disability Status Scale (EDSS) score at treatment start was associated with 1.08 times the rate of subsequent switching, adjusting for age, sex, and calendar year (adjusted hazard ratio [aHR] 1.08; 95% CI 1.07–1.08). Women were associated with 1.11 times the rate of switching relative to men (95% CI 1.08–1.14), whilst older age was also associated with an increased rate of treatment switching. DMTs started between 2007 and 2012 were associated with 2.48 times the rate of switching relative to DMTs that began between 1996 and 2006 (aHR 2.48; 95% CI 2.48–2.56). DMTs started from 2013 onwards were more likely to switch relative to the earlier treatment epoch (aHR 8.09; 95% CI 7.79–8.41; reference = 1996–2006).

Conclusion: Switching between DMTs is associated with female sex, age, and disability at baseline and has increased in frequency considerably in recent years as more treatment options have become available. Consideration of a patient's individual risk and tolerance profile needs to be taken into account when selecting the most appropriate switch therapy from an expanding array of treatment choices.
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Introduction

Multiple sclerosis (MS) is a chronic, autoimmune, and demyelinating neurological disorder. Accurate diagnosis, disease-modifying therapies, and symptom management are key components of managing MS to improve patients' quality of life and limit disability progression (1, 2). Treatment discontinuation and switching in multiple sclerosis (MS) is a common challenge and opportunity in real-world clinical practice. The increasingly diverse range of disease-modifying treatments (DMTs) currently available to patients and clinicians, coupled with frequent changes in reimbursement and treatment recommendations, has generated interest in the identification of reliable and robust predictors of treatment switching across different countries, DMTs, and epoch changes (3–9). Whilst effectiveness and tolerance remain key drivers of treatment failure, the precise role of demographic and clinical factors remains less clear (10, 11).

This study group previously reported that both rates and reasons for treatment interruption, encompassing both treatment switching and discontinuation, remained largely stable over a 20-year observation period, suggesting that treatment switching was primarily driven by the properties of DMTs themselves and less related to either risk management or market competition (12).

The identification of independent predictors of treatment switching and response in long-term, heterogeneous disease is likely to form a key component in the development of personalized prediction and healthcare in multiple sclerosis. The accuracy and robustness of personalized prediction in RRMS is a key challenge in improving generalisability, often requiring large and representative samples (13–15). A recent systematic review further reported a lack of validated predictive tools for the early and reliable identification of key drivers of treatment failure, such as disease progression (16).

The study aimed to identify independent predictors of treatment switching in the Big MS Data Network in a population of relapsing-remitting MS (RRMS) patients initiating DMT at least once over the course of their disease (12, 17).



Materials and methods


Study design and data

This study was a retrospective analysis of observational, real-world data sourced from five clinical MS registries included in the BMSD network project: the Italian MS registry, the OFSEP of France, the Danish MS registry, the Swedish national MS registry, and the international MSBase Registry. These registries have previously been described in detail (12, 18–22). Treatment episodes and associated patient data complying with minimum dataset requirements were individually extracted from the five contributing datasets and then pooled into a single combined dataset.



Data harmonization and quality

Data quality checks were conducted before merging to minimize outcome assessment and follow-up bias in the cohorts under study. This included ensuring all variables required for the minimum analysis dataset had been extracted and transferred in the correct format, consistent across all five registries. The data were checked for duplicates and date inconsistencies covering key demographics, disease characteristics, and treatment dates. Data counts were then performed to assess the completeness of crucial variables. The harmonization and quality assurance processes have been previously described (12, 17).



Inclusions and exclusions

Patients were included in the final pooled analysis set if they had initiated at least one DMT during the relapsing-remitting MS (RRMS) stage. Patients not diagnosed with RRMS or RRMS patients not initiating DMT therapy during the RRMS phase were excluded from the analysis.

Poser or McDonald criteria were used to confirm MS diagnosis, depending on the time the diagnosis was made in each registry. Subjects were defined as exposed to a DMT if they had received at least one injection/infusion (or at least a one-time consumption of an oral drug). The pre-study period preceding the index date, during which patients were required to have continuous medical service coverage, was defined as the time since the first recorded visit in each registry up until the baseline date. This pre-study period ensured a standard run-in period prior to DMT exposure and a standard period during which the diagnosis of MS was identified.



Variables and definitions

DMT starts recorded between 1996 and 2018, inclusive, were included in the analysis. The primary outcome variable in this analysis was treatment switching. Treatment switching was defined as the initiation of a new DMT within 6 months of ceasing a preceding DMT, consistent with previous studies using data from these registries (3, 23). Demographic and clinical characteristics at treatment start analyzed for association with subsequent treatment switching included age, sex, disease duration, time since diagnosis, EDSS, and calendar year of treatment start. The calendar year was further categorized into three treatment epochs, capturing the platform interferon-β (IFNβ) and glatiramer acetate (GLA) only era (1996–2006), the introduction of natalizumab (NTZ) infusion (2007–2012), and the era of oral treatments (including fingolimod [FTY], dimethyl fumarate [DMF], and teriflunomide [TERI]) (2013–2018).



Ethics

The studies involving human participants were reviewed and approved by each contributing registry to the Big MS Data Network according to their own ethics and operating and inclusion rules. Each registry is required to obtain its own approval prior to the provision of the data and pooling.



Statistical analyses

Categorical variables were summarized using frequency and percentage. Continuous variables were summarized using mean and standard deviation (SD) or median and interquartile range (IQR) as appropriate. The statistical unit of the modeling analysis was the treatment episode. Patients were permitted to contribute multiple DMT episodes to the analysis. Associations between potential clinical and demographic factors at treatment start and the switching end-point were analyzed using a multilevel shared frailty survival model (24). This involved using a mixed-effects Cox model where an indicator variable representing each registry providing data to the pooled analysis was used as a random effect. Hazard proportionality was assessed via the analysis of scaled Schoenfeld residuals. All multivariate models were further assessed for collinearity and heteroskedasticity. The analysis was performed both across the entire treatment cohort and then stratified for treatment epoch (1996–2006, 2007–2012, and 2013 onwards) and drug/drug class (IFNβ, GLA, NTZ, FTY, DMF, and TERI) for which the sample size was sufficient, to assess whether the pattern of switching predictors varied by time and/or DMT product. All analyses were conducted on a complete-case basis, with no imputation for missing data. All analyses were performed in Stata version 16.1 (StataCorp, College Station, Texas) and R version 3.6.3 (R Foundation for Statistical Computing, Vienna, Austria).




Results


Patients and treatment episodes

A total pooled sample of 110,326 patients contributing 269,822 DMT treatment episodes from the five registries was included in the analysis (Table 1). A total of 78,629 (70.9%) of these patients were female. The mean (SD) age at disease onset across the pooled sample was 30.9 years (10.3), whilst the mean (SD) age at first treatment initiation was 36.6 years (11.0). Of the 184,013 observed DMT stops, 159,309 (86.6%) switched to an alternate DMT within 6 months. Alternate platform DMTs (IFNβ or GLA), NTZ, or FTY were the most frequently switched to drugs across the observation period.


TABLE 1 Baseline characteristics of patients by registry.
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Associations between baseline factors and treatment switching

Across the entire pooled sample of treatments, every one-point increase in EDSS at the start of treatment was associated with 1.08 times the rate of subsequent switching, adjusting for age, sex, and calendar year (adjusted hazard ratio [aHR] 1.08; 95% CI 1.07–1.08) (Table 2). Female sex was associated with 1.11 times the rate of switching relative to male sex (HR 1.11; 95% CI 1.08–1.14), whilst older age at baseline was also associated with an increased rate of treatment switching. DMTs started between 2007 and 2012 were associated with 2.48 times the odds of treatment switching relative to DMTs started between 1996 and 2006 (aHR 2.48; 95% CI 2.48–2.56), controlling for age, sex, and baseline EDSS. DMTs commenced from 2013 onwards were even more likely to switch relative to the earlier treatment epoch (aHR 8.09; 95% CI 7.79–8.41; reference = 1996–2006).


TABLE 2 Associations between baseline factors and treatment switching (shared frailty survival model).
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Switching by epoch

Similar patterns of association were observed when the multilevel modeling was stratified by treatment epoch. When the analysis was limited to the earlier platform DMTs epoch (1996–2006), EDSS at treatment initiation demonstrated a larger influence on subsequent switching relative to the full observation period; every unit of EDSS higher at treatment start was associated with 1.14 times the rate of treatment switching (aHR 1.14; 95% CI 1.13–1.16) (Table 3). Women were associated with 1.13 times the rate of switching compared to men (aHR 1.13; 95% CI 1.07–1.20), whilst DMTs started in later calendar years within the 1996–2006 epoch were associated with greater odds of treatment switching (calendar year aHR 1.17; 95% CI 1.16, 1.18).


TABLE 3 Associations between baseline factors and treatment switching–stratified by treatment epoch.

[image: Table 3]

Associations were again similar when the analysis was confined to the 2007–2013 epoch (Table 4). Higher EDSS at treatment start (aHR 1.10; 95% CI 1.09–1.11), female sex (aHR 1.11; 95% CI 1.07–1.16), older age at treatment start (aHR 1.01; 95% CI 1.00–1.01), and later calendar years (aHR 1.24; 95% CI 1.22–1.25) were all associated with a significantly increased rate of treatment switching. When the modeling was limited to the most recent treatment epoch (2013 onwards), baseline EDSS was associated with a significant, albeit considerably smaller, increase in switching rate (relative to the 1996–2006 and 2007–2012 treatment epochs), with every one-point increase in EDSS being associated with 1.02 times the rate of switching on adjusted modeling (aHR 1.02; 95% CI 1.01–1.03). Older age at treatment start, female sex, and later calendar years were all associated with significantly increased switching rates within the 2013+ epoch.


TABLE 4 Associations between baseline factors and treatment switching–stratified by DMT.
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Switching by DMT

Across the entire 1996–2018 observation period, higher EDSS at treatment start (aHR 1.09; 95% CI 1.08–1.11), female sex (aHR 1.17; 95% CI 1.11–1.24), older age (aHR 1.01; 95% CI 1.00–1.01), and calendar year (aHR 1.15; 95% CI 1.14, 1.15) were all associated with increased rates of switching from IFNβ (Table 4). A similar pattern of association was observed when the analysis was limited to GLA, although female sex was no longer associated with an increased rate of switching. Calendar year was again a major driver of switching from NTZ (aHR 1.35; 95% CI 1.33–1.37) and FTY (aHR 1.06; 95% CI 1.04–1.08), although no such association was observed with either DMF or TERI. Older age at baseline was associated with an increased rate of switching from both DMF and TERI. Women treated with TERI were also associated with 1.26 times the rate of switching compared to men treated with TERI (aHR 1.26; 95% CI 1.04–1.51).




Discussion

As previously reported by this study group, treatment switching in RRMS is common. In this new analysis of the same cohort, we observed that older age, female sex, and higher EDSS at the time of index treatment initiation were consistently associated with a significantly higher switching rate. This is consistent with previous observations from registry studies, which have also reported sex and EDSS as independent predictors of treatment interruption in both RRMS and CIS (25). Kalincik et al.'s (26) multivariate predictive algorithm modeling of individual treatment response and persistence using a large number of demographic and clinical factors identified older age as an independent predictor of on-treatment relapse triggering discontinuation. Similarly, Ayrignac et al. (27) reported that patients with a baseline EDSS of 2 or more were strongly associated with treatment failure. A recent Danish study of 3,297 MS patients reported age and sex as key determinants of both the initial first-line DMT choice and subsequent escalation product (28). The most prominent effect, in terms of adjusted hazard ratio size, observed across the whole cohort was the treatment epoch, with later epochs (2007–2012 and 2013+) associated with progressively larger rates of treatment switching, relative to the earlier 1996–2006 epoch where lower-to-moderate efficacious platform DMTs dominated MS treatment and diagnostic delay was more common (29). This progressively larger rate of treatment switching with time likely reflects the relatively broader range of both DMT products available with varying effectiveness and safety profiles and an increase in the diversity of treatment strategies practiced during more recent years (30–32). It may also, in part, reflect a shift in treatment strategy toward the earlier introduction of high-efficacy treatments in response to treatment failure (3, 33).

Whilst the strongest predictors of treatment switching, such as age, sex, and baseline EDSS, were largely consistent across treatment epochs, there were some key differences in the patterns of predictors when the analysis was stratified by DMT. Higher baseline EDSS was a strong correlate of subsequent treatment switching in the older platform drugs (IFNβ and GLA), potentially secondary to longer disease duration whilst awaiting newer switch products to become available, but less so for NTZ (HR 1.01; 95% CI 1.00, 1.03). By further contrast, no association between EDSS and treatment switching was observed for more recent oral and/or higher efficacy preparations, including DMF, TERI, and FTY. This may in part be a function of the original platform DMDs being used more frequently across a broader range of EDSS scores compared with oral first-line therapies such as DMF or TERI. A sex effect was observed for IFNβ (female sex HR 1.17; 95% CI 1.11, 1.24) and TERI (HR 1.26; 95% CI 1.04, 1.51), but not for any of the other DMTs studied. The latter observation may be partially explained by the early TERI discontinuation associated with pregnancy planning. With the exception of TERI, treatment switching became progressively more common across most years in the later years of the observation period.

Consistent with the observation that the observed effect of EDSS at the time of treatment start on switching rates was maximal under the older platform DMTs was the additional observation that this baseline EDSS effect was largest during both the earlier 1996–2006 (HR 1.14; 95% CI 1.13, 1.16) and 2007–2012 periods (HR 1.10; 95% CI 1.09, 1.11). Whilst significant, the EDSS effect in the 2013 onwards period was comparatively much smaller (HR 1.02; 95% CI 1.01, 1.03). This may in part be due to the increasingly greater role of MRI and relapse activity in guiding treatment decisions (34, 35).

Our observation that treatment switching has become more common over time likely reflects, at least in part, a desire by clinicians and patients to optimize disease management, particularly in terms of delaying or preventing disability progression and maintaining neurological function (31, 36, 37). Identifying independent and reliable demographic and clinical predictors also has real-world implications for personalized medicine. A recent French cohort study used similar predictive factors to develop a dynamic scoring system to improve the timing of treatment switch decisions through the earlier identification of non-responders (38). Whilst the results of our study are largely confirmatory, the power conferred by the very large sample provides important validation and is a fundamental tool for individual or personalized risk prediction. As previously explored in our published descriptive study on the same pooled cohort (12), the wider availability, increased choice of DMTs and patient preferences also permit important lifestyle considerations to factor into treatment selection, including pregnancy planning, the management of side effects, work commitments, and travel (39, 40). A key limitation of this study was the lack of sufficient MRI data to include in the predictor analysis. Whilst the effects observed in the regression modeling are independent of confounding from the clinical and demographic included also in the multivariate models (i.e., age, sex, disease duration, time since diagnosis, baseline EDSS, and treatment calendar year/epoch), they do not control for other potential sources of confounding or heterogeneity between registries, including MRI lesion metrics.
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Category Denmark  Sweden OFSE! Italy MSBase
Patient characteristics*
Patient count - 1 7,990 15,983 24,616 26,985 34,752 110,326
Sex - 11 (%) Female 5485(68.7) | 11,245(70.4) | 18,333 (74.5) 18315(67.9) | 24,891(71.6) | 78,269 (70.9)
Male 2505(314) | 4738(29.6) | 6,283(25.5) 8,670 (32.1) 9,861 (28.4) | 32,057 (29.1)
Age at MS onset (years) - mean (SD) 32.8 (9.9) 34.4(12.8) 31.1(9.5) 29.6(9.7) 30.5(9.9) 309 (10.3)
Age at first DMT (years) - mean (SD) 38.3 (12.8) 40.7 (12.4) 36.3(10.3) 35.8(10.7) 35.5(10.7) 36.6 (11.0)
Treatment characteristics
Treatment episodes - 14,252 38,229 65,535 79,816 71,990 269,822
Discontinuations - 1 (%) 8,936 (62.7) | 24,704 (64.6) | 45,966 (70.1) 50,590 (74.7) | 44,817 (62.3) | 184,013 (68.2)
Treatment duration (years) ~ mean (SD) 282 (2.38) 231 (224) 218 (2.18) 2.06 (2.12) 229(2.20) 223(2.20)

*Count of individual patients contributing at least 1 treatment episode to the analysis.
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Gender Females 1.09 (1.06, 1.11) <0.001 1.11 (1.08, 1.14) <0.001
Males Reference Reference

EDSS at treatment start 1.07 (1.06, 1.07) <0.001 1.08 (1.07, 1.08) <0.001

Age at treatment start (10 year units) 1.16 (1.15, 1.17) <0.001 1.04 (1.03, 1.05) <0.001

Disease duration at treatment start* 1.03 (1.03, 1.03) <0.001

Years since diagnosis® 1.04 (1.04, 1.05) <0.001

Calendar year of treatment start® 1.16 (115, 1.16) <0.001

Treatment epoch 1996-2006 Reference Reference
2007-2012 2.01(1.97, 2.05) <0.001 2.48 (2.40, 2.56) <0.001
2013+ 5.67 (5.54, 5.81) <0.001 8.09 (7.79, 8.41) <0.001

sCollinear with age at treatment start: ®collinear with treatment epoch.
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