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At the time of the study

Aim: In clinical practice, patients may initiate and continue with a treatment (continuers) or switch to
another treatment (switchers). Comparison of clinical outcomes between these cohorts can be challenging
owing to several factors including differences in risk profiles, particularly when switching is related to the
occurrence of a clinical event of interest and the time-varying nature of the risk of an event. Analyses
may be biased if these factors are not considered, including determining the appropriate start point to
evaluate outcomes. We developed and validated a method to address these issues. Materials & methods:
The proposed method (SMARTS) assigned random pseudo-switching times to continuers, matching the
distribution of actual switching times among switchers. Baseline characteristics at (pseudo-) switching
time were balanced using propensity score matching, inverse probability of treatment weighting (IPTW)
or standardized morbidity ratio weighting. For validation, we conducted a factorial simulation with two
clinical scenarios: sicker switchers where switching helps (true post-switching HR = 0.7) and healthier
switchers where it harms (true post-switching HR = 1.5), crossed with three hazard trends (constant,
increasing, decreasing). A time-varying confounder followed different trajectories for switchers and
continuers, with five analysis methods evaluated each condition. The utility of the developed method was
assessed in a real-world study. Results: Under increasing hazard, the conventional approach (evaluating
continuers from treatment initiation) showed substantial timing bias. For the sicker-switchers scenario
(post-switching HR = 0.7), conventional IPTW HR was 1.06 (bias = +0.36); SMARTS IPTW reduced this to
0.78 (bias = +0.08). For the healthier-switchers scenario (post-switching HR = 1.5), conventional IPTW HR
was 1.80 (bias = + 0.30); SMARTS IPTW reduced this to 1.41 (bias = -0.09). Under decreasing hazard,
timing bias reversed direction: notably, for the healthier-switchers scenario (post-switching HR = 1.5)
appeared protective using the conventional approach (IPTW HR = 0.61); SMARTS correctly identified the
harmful effect (IPTW HR = 1.46). Under constant hazard, both approaches performed well, confirming
that SMARTS specifically addresses timing bias. Application of the method improved results in a real-
world study comparing outcomes between continuers and switchers. Conclusion: When hazard varies
over time, evaluating continuers from treatment initiation introduces timing bias that can reverse the
apparent direction of treatment effect. SMARTS, combined with confounder adjustment via propensity
score matching, IPTW or standardized morbidity ratio weighting, substantially reduced this bias across
diverse clinical scenarios and hazard trends.

Plain language summary

What is this article about? This article develops and validates a method for comparing clinical outcomes
between two groups of patients using real-world data: those who continue with a treatment and
those who switch to another treatment. It addresses the challenges in making fair comparisons due to
differences in patient risk profiles and how risk changes over time.

What were the results? The method developed by the researchers reduced bias in comparing outcomes
between the two groups by assigning random pseudo-switching times to patients who continued their
treatment, and matching these times with the actual switching times of those who switched treatments.
When applied to real-world data, this method produced more accurate estimates of treatment effects &
compared with traditional methods. %e.Becaris

........

10.57264/cer-2024-0099 © 2026 The authors J. Comp. Eff. Res. (2026) e240099 elSSN 2042-6313



Methodology Gao, Jiang, Atreja, Kang, Li & Luo

What do the results of the study mean? The results show that assigning pseudo-switching times and using
matching techniques, such as propensity score matching or inverse probability of treatment weighting,
can significantly improve the accuracy of comparing clinical outcomes between treatment switchers and
continuers. This method offers a more reliable approach to analyzing treatment effects in clinical practice.

Shareable abstract: We developed a method to address confounding effects in comparing clinical
outcomes between patients who continue or switch treatments. Our approach improves accuracy using
pseudo-switching times. #Pseudo-switching #TreatmentSwitching #BiasReduction

First draft submitted: 28 June 2024; Accepted for publication: 1 April 2026; Published online:
8 May 2026

Keywords: baseline matching e clinical outcomes e inverse probability of treatment weighting e propensity score
matching e pseudo-switching time e real-world study e risk profiles e simulation study e time-varying risk e treatment
switching

Treatment switching: substituting a patient’s treatment with another option, occurs in both randomized clinical
trials and routine clinical practice, but poses fundamentally different analytical challenges in each setting [1-12]. In
randomized trials, treatment switching is a form of nonadherence that complicates the estimation of the intended
treatment comparison; numerous methods have been developed to recover the treatment effect that would have been
observed had no switching occurred [13-26]. In routine clinical practice, treatment switching is itself the phenomenon
of interest: among patients who initiate a treatment, some continue (continuers) while others switch (switchers),
and the clinical question is whether switching leads to different outcomes (2,6,27). While the former problem
has received considerable methodological attention, the latter remains under addressed despite its importance for
real-world clinical decision-making.

Comparing outcomes between switchers and continuers in observational studies is challenging for several reasons:
risk profiles differ between the two cohorts, particularly when switching is prompted by the occurrence of a clinical
event of interest; the risk of clinical events varies over time [28,29] and for nonrecurring events such as death, switchers
must be event-free until the time of switching, creating an implicit survival bias [30; for recurring events, switchers
are not required to survive until switching, but the timing mismatch can still cause problems because continuers
are evaluated from a different time origin. A naive approach would compare outcomes from the time of switching
for switchers and from treatment initiation for continuers, but this may lead to unreliable estimates because the
time-varying nature of event risk means that risk profiles at treatment initiation differ from those at the later time
of switching [28,29). This is particularly true when switching is prompted by medical reasons, as switchers often
experience unfavorable outcomes just before switching, unlike continuers.

To address the aforementioned challenges, we developed a method that involved assigning random switching
times (pseudo-switching time) to the continuers group, while matching the distribution of the switching times
for the switcher group and the pseudo-switching times for the continuer group. Baseline patient characteristics of
both groups were matched to ensure comparable comorbidity profiles and risk of clinical events occurrence before
switching/pseudo-switching. Outcomes were compared from time of switching/pseudo-switching to the end of
follow-up. The current study describes the development and validation of the proposed method. Furthermore, the
utility of this method was assessed on a real-world study involving continuers and switchers [31].

Materials & methods

Overview of the developed method to evaluate the impact of treatment switching

Figure 1 provides an overview of the proposed method to evaluate the impact of treatment switching. There are four
steps involved: (A) assign pseudo-switching times to continuers; (B) match the distributions of pseudo-switching
and switching times; (C) ensure baseline patient characteristics of continuers and switchers are matched /weighted
and (D) compare outcomes.

Assignment of pseudo-switching times to continuers

Pseudo-switching times were assigned to continuers (as they do not undergo treatment switching) based on the
switching times of switchers. To ensure similarity in the distributions of pseudo-switching and switching times,
the switchers were divided into K-quantiles based on duration from treatment initiation to treatment switching.
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Figure 1. Schematic representation of the developed method. (A) Assigning switching time from 6 switchers to 12
continuers: switching times (numbers in the orange circles) were divided into two quantiles, drawn from each
quantile, and assigned to the continuers (green circles). The base numbers in the green circles were the assigned
pseudo-switching times, and the superscripted numbers represent the time from initiation to the end of follow-up. To
ensure matched distributions for the assigned pseudo-switching and switching times, the three switching times from
each quantile were assigned to six randomly sampled continuers, depicted by dashed lines. Black and red dashed lines
indicate assignment success and failure, respectively. In case of assignment failure, a new switching time was
re-sampled and re-assigned. Failure occurred when time from initiation to the end of follow-up was shorter than the
switching time assigned. (B) Q-Q plot for switching time versus pseudo-switching time: the points lie on a straight
line with a slope of 1 and an intercept of 0, indicating similar distribution. (C) Continuers and switchers were
propensity score matched or weighted using IPTW if necessary. (D) Results were visualized via a Kaplan-Meier curve,
or by fitting a survival model.

IPTW: Inverse probability of treatment weighting; KM: Kaplan—-Meier; PSM: Propensity score matching.
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Switching times in each quantile are randomly assigned to the continuers. The division of switching times into
quantiles and the selection of the switching time from each quantile was to prevent a switching time to be assigned to
an excessively large number of continuers and to helps balance the distribution of switching and pseudo-switching
times (Figure 1A). While there is an upper limit on the number of continuers being assigned pseudo-switching times
from each switcher quantile, there is no strict lower limit, meaning some switching times may be underrepresented
among continuers. Therefore, further adjustments may be needed to balance the switching and pseudo-switching
times. If an assigned pseudo-switching time exceeds a continuer’s follow-up duration, another switching time is
redrawn and re-assign, the assignment is discarded if assignment is unsuccessful after a few rounds. Continuers
whose follow-up is shorter than the minimum switching time cannot receive any valid assignment and are excluded.

Match the distributions of pseudo-switching & switching times

Q-Q plots were used to check alignment of distributions of the pseudo-switching and switching times by plotting
respective quantiles that correspond to the same probability cutoff (Figure 1B). If the two distributions match, the
points corresponding to the same probability cutoff of the distributions should lie on a straight line with a slope of
1 and an intercept of 0.

Matching/weighting of baseline patient characteristics

The continuers and the switchers were further matched/weighted if needed (Figure 1C) based on their baseline
characteristics, including risk of events before switching/pseudo-switching. This process would be performed
in conjunction with prior steps if the switching/pseudo-switching time requires further matching/weighting. If
switching/pseudo-switching time and the baseline characteristics are matched/weighted in separate steps, the
balance achieved in previous steps may be impacted.

Compare outcomes

After matching the distributions of pseudo-switching and switching times and balancing patient characteristics, the
outcomes of interest were compared (Figure 1D). The outcomes were evaluated from switching/pseudo-switching
time to the end of follow-up or occurrence of outcomes or other censoring criteria, whichever occurred first.
Kaplan—Meier (KM) curves were generated, and a survival analysis model was used to calculate HRs.

Evaluation of the validity of the developed method through simulation

To evaluate the validity of the proposed method, we simulated cohorts of switchers and continuers who initiated a
treatment, with a time-varying confounder measured throughout the follow-up period (Figure 2). The simulation
was designed to capture two key challenges that arise when comparing outcomes between switchers and continuers
in observational studies: timing bias, which occurs because switchers and continuers are evaluated over different
periods of follow-up and confounding by indication, where the decision to switch treatment is influenced by patient
characteristics that also affect outcomes.

Follow-up & switching times

For each simulated patient, the total follow-up time from treatment initiation was drawn from a uniform distribution
T~ Uniform (2, 6) years, providing variation in how long patients were observed. Among patients designated as
switchers, the switching time was drawn from S~ Uniform (0.25- 1;,0.75-T) reflecting the fact that switching can
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occur at various points during treatment but not immediately after initiation or at the very end of follow-up. Each
continuer was assigned a hypothetical pseudo-switching time from the same distribution to facilitate evaluation
of the method; this pseudo-switching time serves as a reference point for comparing the two groups on equal
footing. Note that this hypothetical pseudo-switching time is only used as ground truth; in the analysis, we assign
pseudo-switching times using SMARTS.

Time-varying confounder
Rather than using a single baseline measurement, we simulated a continuous confounder measured at regular

0.5-year intervals throughout follow-up, reflecting clinical practice where patient characteristics are monitored over
time. The confounder trajectories differed between groups:

o Continuers: The confounder remained stable around a mean of 2.5 (SD = 0.8), reflecting clinical stability on
their current treatment.

o Switchers: The confounder followed a dynamic trajectory, equaling the continuer value plus a time-varying gap
A(t) at each time point. This means switchers’ confounder values gradually diverge from continuers’ values
leading up to the switch, then partially converge afterward. The gap evolved linearly in two phases:

t
A(2) = Ag+ (As — Ag) - A <S (Equation 1a)

1

A@t)=As+ (Ap — Ag) -

t— Sl'
, t>S; (Equation 1b)

;=S
where Ay, Ag and Ag denote the gap at baseline, at switching time, and at end of follow-up, respectively. To

ensure realistic temporal dependence, where a patient’s confounder value at one visit is correlated with values at
adjacent visits, the vector of random deviations for patient i was drawn from a multivariate normal distribution:

€=(¢ (), ..., € () ~ MVN (0, %) (Equation 1c)
with an autoregressive covariance structure:
Xy = o’ - pls (Equation 1d)

where 0 = 0.8 and p = 0.9. This structure ensures that confounder values at adjacent time points are highly
correlated, with the correlation decaying exponentially over time. The confounder affected the hazard of events
with a constant hazard ratio of 2.0 per unit increase (i.e., each one-unit increase in the confounder doubled the
hazard of an event).

Clinical scenarios

To demonstrate that SMARTS works under different types of confounding and treatment effects, we simulated
two clinical scenarios representing opposite patterns:

o Sicker switchers, treatment helps (true post-switch HR = 0.7): In this scenario, patients who switch are those
experiencing clinical deterioration: they have higher confounder values (e.g., worse lab values or symptom scores)
than continuers. The difference in confounder values between switchers and continuers (the ‘gap’) evolves over
time: starting at +0.5 at baseline, increasing to a peak of +1.5 at the time of switching (reflecting worsening that
triggers the switch), then partially recovering to 4-0.8 by the end of follow-up. The new treatment is beneficial,
reducing the hazard of events by 30%.

o Healthier switchers, treatment harms (true post-switch HR = 1.5): In this scenario, patients who switch are
healthier than continuers: they have lower confounder values and switch for reasons unrelated to disease severity
(e.g., cost, convenience and physician preference). The gap trajectory is the mirror image: -0.3 at baseline, reaching
-1.5 at switch time, then returning to -0.5 at end of follow-up. The new treatment is harmful, increasing the
hazard of events by 50%.

These two scenarios were chosen because they represent clinically plausible but opposing situations. In the first,
confounding by indication would make the new treatment appear less effective than it truly is (since switchers are

Methodology

10.57264/cer-2024-0099



Methodology Gao, Jiang, Atreja, Kang, Li & Luo

sicker). In the second, confounding would make the new treatment appear more effective than it truly is (since
switchers are healthier).

Event generation

Events were generated as a nonhomogeneous Poisson process using a piecewise constant hazard model with 0.5-year
segments. The individual hazard for patient 7 at time 7 in segment k was:

h;(2) = hop - exp (BC - CH 4 By Z,'(t)) (Equation 2)

where ho, is the piecewise constant baseline hazard for segment k, C* is the confounder value measured at
the last assessment before the switch time, B, = log (2.0) is the confounder effect (HR = 2.0 per unit), 7 = log
(HR,4) is the treatment effect and Z; (¢) is the treatment indicator (1 for switchers after switching, 0 otherwise).
An important design choice was that event generation used the confounder value measured at (pseudo-) switching
time for both the pre-switch and post-switch periods. This ensures consistency with the analysis methods, which
adjust for the confounder at (pseudo-)switching time. Because this confounder value is measured before the switch
occurs, it is not a mediator of the treatment effect: it reflects the patient’s clinical state leading up to the switch
decision, not a consequence of the new treatment. Using post-switch confounder values would risk adjusting away
part of the treatment effect, since post-switch changes in the confounder may be caused by the new treatment itself.

Hazard trends

The direction and magnitude of timing bias depend on how the baseline hazard changes over time. To examine
this, we evaluated three hazard trend scenarios:

o Constant hazard: Ay, = Ao where &g = 0.02. This serves as a control condition where no timing bias is expected,
since the hazard is the same regardless of when a patient is evaluated.

e Increasing hazard: gz = No (1 + o - 7) with o = 0.25. This represents diseases that worsen over time, and creates
upward timing bias: the conventional approach overestimates the HR because continuers are evaluated during
an earlier, lower-hazard period.

e Decreasing hazard: Ay, = Ao max(0.1, 1 — a - #) with a = 0.25. This represents improving prognosis over
time (e.g., decreasing risk after an acute event), and creates downward timing bias: the conventional approach
underestimates the HR.

Factorial design

Simulations were conducted under a 2 x 3 factorial design crossing clinical scenario (sicker switchers vs healthier
switchers) with hazard trend (constant vs increasing vs decreasing), yielding six conditions. For each condition, 100
datasets of 4000 patients (2000 switcher — continuer pairs) were simulated. All simulations were performed using
R statistical programming software.

Analysis of the simulated data

Each simulated dataset was analyzed using five methods, applied under both the conventional approach (continuers
were evaluated from treatment initiation to the end of follow-up) and the SMARTS approach (continuers were
evaluated from treatment pseudo-switching to the end of follow-up), for a total of ten analyses per dataset:

e Naive: Unadjusted Cox proportional hazards regression comparing switchers and continuers, without adjusting
for confounders.

o Adjusted (Adj): Cox regression including the confounder value at (pseudo-)switching time as a covariate.

e Propensity score matching (PSM): Switchers and continuers were matched on the estimated propensity score
(probability of switching) based on the confounder at (pseudo-)switching time.

e Inverse probability of treatment weighting (IPT'W): Patients were weighted by the inverse of their estimated
probability of being in their observed group, targeting the average treatment effect (ATE) in the combined
population.

o Standardized morbidity ratio weighting (SMR): Continuers were weighted to match the covariate distribution
of switchers, targeting the average treatment effect in the treated (ATT) — i.e., the effect specifically among those
who switched.

/Y
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Under the conventional approach, continuers were evaluated from treatment initiation to the end of follow-up,
using their baseline confounder value at treatment initiation. Switchers were evaluated from switching time to the
end of follow-up, using their confounder at switch time. This creates two sources of potential bias: the follow-up
periods are not aligned in time since treatment initiation, and the confounder values are measured at different time
points (baseline for continuers vs switch time for switchers).

Under the SMARTS approach, continuers were assigned pseudo-switching times using the SMARTS algorithm,
and both groups were evaluated from their (pseudo-)switching time to the end of follow-up. Confounder values at
(pseudo-)switching time were used for adjustment in both groups, ensuring that follow-up periods and confounder
measurements are aligned.

Given that the assignment of pseudo-switching times to continuers is random, results may vary across different
assignments. To account for this variability, 1000 independent random pseudo-switching time assignments were
performed per dataset, and the resulting hazard ratio estimates were averaged to produce a single, more stable
estimate per dataset.

Application of the proposed method to a real-world study

Nonvalvular atrial fibrillation (NVAF) is associated with an increased risk of developing stroke. Direct oral antico-
agulants such as apixaban and rivaroxaban are considered the standard of care for stroke prevention in patients with
NVAF in the USA [7-10], and direct oral anticoagulants switching occurs frequently in clinical practice [32] as a result
of clinical events such as stroke/bleeding, other side effects of the medication [33-35], or formulary restrictions [36].
Application of the method to compare clinical outcomes between patients with NVAF who initiated rivaroxaban
and then switched to apixaban versus patients continuing on rivaroxaban is described elsewhere [31]. To demonstrate
how the study results can be impacted by the application of our method, we re-analyze the data comparing the
risk of major bleeding (MB) and stroke events for the rivaroxaban initiators using the following three methods,
prompted by the fact that patients who switched from rivaroxaban to apixaban have worse baseline characteristics
compared with patients who continued rivaroxaban, aligning with what was described in the simulation. We did
not re-analyze the apixaban initiators because patients who switched from apixaban to rivaroxaban have similar
baseline characteristics with patients who continued apixaban.

e No pseudo-switch: There was no pseudo-switching time assigned to continuers. Continuers were evaluated from
treatment initiation to the end of follow-up for the occurrence of the MB and stroke event. The switchers were
evaluated from the switching time to the end of follow-up for the occurrence of the events.

o Assign pseudo-switch: Continuers were assigned pseudo-switching time. Both continuers and switchers were
evaluated from treatment initiation to pseudo-switching/switching time and from pseudo-switching/switching
to end of follow-up. Matching of patient characteristics was not performed.

o Assign pseudo-switch 4 propensity score match (PSM): Similar to scenario 2, continuers were assigned pseudo-
switching time. PSM was performed to ensure the risk of event occurrence before switching/pseudo-switching
was balanced between the two cohorts.

Using Q—-Q plots, we present how the distribution of pseudo-switching times for continuers compared with the
distribution of switching times for switchers after utilizing the proposed method. Using forest plot, we compare
the incidence rate and HRs obtained using the three methods described above.

Results
Validity of the proposed method
KM illustration

To illustrate the impact of timing bias and the correction provided by SMARTS, we present KM curves for both
clinical scenarios under increasing hazard (Figures 3 & 4).

For the ‘sicker switchers, treatment helps’ scenario (true HR = 0.7; Figure 3), the KM curves from the true
simulated data show that switchers had a higher risk of events than continuers before switching (Figure 3A),
consistent with the higher confounder values assigned to switchers. After switching, the KM curves (Figure 3B)
show that switchers had a higher event rate than continuers, reflecting the beneficial treatment effect was confounded
by the confounders.

Methodology
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Estimated HR: Sicker switchers, treatment helps (HR = 0.7)

Constant Increasing Decreasing

4 j
T N e
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Naive Adj PSM IPTW SMR Naive Adj PSM IPTW SMR Naive Adj PSM IPTW SMR
Method

Hazard Ratio

Approach - Conventional £3 SMARTS |

Figure 5. Distribution of estimated hazard ratios across 100 simulated datasets under the sicker switchers,
treatment helps scenario (true HR = 0.7, dashed line). Columns represent three baseline hazard trends (constant,
increasing and decreasing). Five analysis methods are compared: naive (unadjusted), adjusted (Adj), PSM, IPTW and
SMR. Orange boxes indicate the conventional approach (continuers evaluated from treatment initiation); blue boxes
indicate the SMARTS approach (continuers assigned pseudo-switching times). Each point represents one simulated
dataset. Under increasing and decreasing hazard, the conventional approach produces substantially biased estimates,
while SMARTS combined with confounder adjustment recovers estimates close to the true HR.

Adj: Adjusted; HR: Hazard ratio; IPTW: Inverse probability of treatment weighting; PSM: Propensity score matching;
SMR: Standardized morbidity ratio weighting.

When continuers were not assigned pseudo-switching times and were evaluated from treatment initiation (the
conventional approach; Figure 3C), the pattern was similar. However, including the pre-switch period introduces
a different time period with a different baseline hazard than the post-switch period, which could result in more
biased estimates, as shown in the factorial simulation results (Figure 5).

After assigning pseudo-switching times using SMARTS (Figure 3D & E), the pre-switch and post-switch KM
curves exhibited a pattern similar to that of the unadjusted data, as confounding between switchers and continuers
remained unaddressed by time alignment alone. The benefit of pseudo-switching time assignment became apparent
only after additional confounder adjustment. PSM (Figure 3F & G) and inverse probability of treatment weighting
(Figure 3H & 1) balanced the confounder distribution at the time of switching, and the resulting post-switch
survival curves more closely approximated the true treatment effect.

For the ‘healthier switchers, treatment harms’ scenario (true HR = 1.5), an analogous set of KM curves showed
the mirror-image pattern. In the true data, switchers had lower pre-switch event risk (due to lower confounder
values) and higher post-switch event risk (due to the harmful treatment effect). The conventional approach again
distorted the comparison, while SMARTS with confounder adjustment recovered the true treatment effect pattern.

Results for factorial simulation

Full results are presented in Table 1 & Figures 5 & 6. Below we summarize the key findings.

Results for simulation with constant hazard

When the baseline hazard was constant over time (Figures 5 & 6, left panel), the timing mismatch between
evaluating continuers from treatment initiation and switchers from their switch date did not introduce systematic
bias, because the baseline event rate was the same at both time points. After confounder adjustment, both the
conventional and SMARTS approaches yielded estimates close to the true hazard ratio. For example, in the sicker-
switchers scenario (true HR = 0.70) (Figure 5), the adjusted conventional estimate was 0.78 (SD 0.05) and the
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Table 1.

clinical scenario, baseline hazard trend and analytical approach.

Sicker switchers,
treatment helps
(true HR = 0.70)

Healthier switchers,
treatment harms
(true HR = 1.50)

Hazard

Constant

Increasing

Decreasing

Constant

Increasing

Decreasing

Approach
Conventional
SMARTS
Conventional
SMARTS
Conventional
SMARTS
Conventional
SMARTS
Conventional
SMARTS
Conventional

SMARTS

Naive

1.74 (0.10)
1.75 (0.10)
2.29 (0.11)
1.74 (0.09)
0.70 (0.05)
1.61(0.14)
0.62 (0.04)
0.62 (0.04)
0.84 (0.05)
0.63 (0.04)
0.26 (0.03)
0.60 (0.07)

Adj
0.78 (0.05)
0.75 (0.05)
1.06 (0.06)
0.76 (0.05)
0.31(0.03)
0.70 (0.07)
1.35(0.13)
1.44 (0.15)
1.82 (0.13)
1.43 (0.10)
0.56 (0.08)
1.41 (0.22)

PSM

0.85 (0.07)
0.82 (0.06)
1.14 (0.07)
0.82 (0.05)
0.36 (0.04)
0.78 (0.09)
1.30 (0.15)
1.38(0.15)
1.70 (0.15)
1.36 (0.10)
0.55 (0.09)
1.38(0.24)

IPTW

0.80 (0.08)
0.77 (0.08)
1.06 (0.11)
0.78 (0.07)
0.34 (0.05)
0.73 (0.10)
1.42 (0.23)
1.46 (0.23)
1.80 (0.19)
1.41 (0.14)
0.61(0.18)
1.46 (0.46)

SMR

0.85(0.11)
0.82 (0.10)
1.15(0.13)
0.82 (0.07)
0.35 (0.05)
0.76 (0.13)
1.33(0.21)
1.42 (0.22)
1.72 (0.26)
1.37(0.18)
0.54 (0.11)
1.40 (0.36)

Mean estimated hazard ratio (SD) across 100 simulated datasets for each combination of

Two clinical scenarios were evaluated: sicker switchers where treatment helps (true HR = 0.70) and healthier switchers where treatment harms (true HR = 1.50).
Three hazard trends were examined: constant, increasing, and decreasing. The conventional approach evaluates continuers from treatment initiation; the
SMARTS approach assigns pseudo-switching times to continuers from the empirical switcher distribution. Five Cox regression methods were applied: naive
(unadjusted), covariate-adjusted (Adj), PSM, IPTW and SMR. For each dataset under the SMARTS approach, results were averaged over 1000 independent
random pseudo-switching time assignments. Values closer to the true HR with smaller SD indicate better performance.
Adj: Adjusted; HR: Hazard ratio; IPTW: Inverse probability of treatment weighting; PSM: Propensity score matching; SMR: Standardized morbidity ratio

weighting.

Estimated HR: healthier switchers, treatment harms (HR = 1.5)

Constant

Increasing

Decreasing

Hazard ratio

A
£

T T T T T
Naive Adj PSM IPTW SMR

Method

T T T T T
Naive Adj PSM IPTW SMR

T T T T T
Naive Adj PSM IPTW SMR

Approach

Conventional E5 SMARTS |

Figure 6. Distribution of estimated hazard ratios across 100 simulated datasets under the healthier switchers,
treatment harms scenario (true HR = 1.5, dashed line). Columns represent three baseline hazard trends (constant,
increasing and decreasing). Five analysis methods are compared: naive (unadjusted), adjusted (Adj), PSM, IPTW and

SMR. Orange boxes indicate the conventional approach (continuers evaluated from treatment initiation); blue boxes

indicate the SMARTS approach (continuers assigned pseudo-switching times). Each point represents one simulated

dataset. Under increasing and decreasing hazard, the conventional approach produces substantially biased estimates,

while SMARTS combined with confounder adjustment recovers estimates close to the true HR.

Adj: Adjusted; HR: Hazard ratio; IPTW: Inverse probability of treatment weighting; PSM: Propensity score matching;

SMR: Standardized morbidity ratio weighting.
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SMARTS estimate was 0.75 (SD 0.05); results were comparable across all adjustment methods (Table 1). SMARTS
produced marginally closer estimates, likely because measuring confounders at the pseudo-switching time, rather
than at treatment initiation, provides better alignment with the confounder values of switchers at the time of their
switch.

Results for simulation with changing hazard

Comparing outcomes between switchers and continuers is subject to two sources of bias. First, switchers have
different pre-switch risk profiles than continuers: sicker in Scenario 1, healthier in Scenario 2, which confounds
the post-switch hazard ratio if not properly adjusted. Second, the conventional approach evaluates continuers from
treatment initiation but switchers from their switching time; when the baseline hazard changes over time, the
two groups are compared under different risk conditions, introducing timing bias. These two biases compound
each other: the conventional approach not only fails to account for the different risk profiles, but also measures
confounders at treatment initiation for continuers, which do not reflect the clinical state they would have at the
later switching time. Even after confounder adjustment, the conventional approach produced substantially biased
estimates when hazard varied over time (Figures 5 & 6, middle and right panels).

Under increasing hazard (Figure 5, middle panel), the early period (when continuers are evaluated) has low
baseline hazard, while the later period (when switchers are evaluated) has high baseline hazard. If early period of
continuers are included in the analysis (conventional approach), it makes continuers appear healthier than they
would be at the time of switching, exaggerating the contrast with switchers and inflating the estimated hazard
ratio. In the sicker-switchers scenario (true post-switching HR = 0.70), the adjusted conventional estimate was
1.06 (SD 0.06), reversing the apparent direction of the treatment effect and suggesting harm when the true effect
was protective. SMARTS corrected this to 0.76 (SD 0.05) by aligning both groups at comparable time points,
ensuring that confounders are measured at the same stage of disease progression. A similar pattern of upward bias
was observed in the healthier-switchers scenario (Figure 6, middle panel; Table 1).

Under decreasing hazard, the reverse occurs: the early period has high baseline hazard, If early period of continuers
are included in the analysis (conventional approach), it makes continuers appear sicker than they would be at the
later switching time. This deflates the estimated hazard ratio by inflating the event rate among continuers relative
to switchers who are evaluated during the later, lower-hazard period. In the healthier-switchers scenario (true
post-switching HR = 1.50), the adjusted conventional estimate was 0.56 (SD 0.08), suggesting benefit when the
true effect was harmful (Figure 6, right panel). SMARTS corrected this to 1.41 (SD 0.22). Complete results across
all scenarios and methods are shown in Table 1 & Figures 5 & 6.

Opposing biases can mask the problem

An instructive pattern emerged in the sicker-switchers scenario under decreasing hazard. The naive (unadjusted)
conventional analysis recovered the true hazard ratio almost exactly (mean HR = 0.70, SD 0.05), despite making no
correction for either confounding or timing. This apparent accuracy arose because two opposing biases happened to
cancel: confounding bias from the sicker switcher population (which inflates the hazard ratio) and timing bias from
including continuers’ early high-hazard period (which deflates it). When confounding was appropriately adjusted
for and removed one of the two biases, the timing bias was unmasked, and the adjusted conventional estimate
dropped to 0.31 (SD 0.03), massively overestimating the treatment benefit.

This finding illustrates a practical danger: a naive conventional analysis may yield a plausible-looking result,
providing false reassurance that the analysis is sound. The underlying biases become apparent only when one is
partially corrected, making the estimate paradoxically worse. SMARTS addresses both sources of bias simultane-
ously: temporal alignment removes the timing component, and confounder adjustment at the pseudo-switching
time addresses the confounding component, yielding an estimate of 0.70 (SD 0.07).

Choice of confounder adjustment method

Regression adjustment, PSM, IPTW and SMR weighting all produced comparable point estimates when combined
with SMARTS (Table 1). However, IPTW and SMR exhibited higher variability. For example, in the healthier-
switchers scenario under decreasing hazard, SMARTS with regression adjustment yielded a mean HR of 1.41 (SD
0.22), whereas SMART'S with IPTW yielded 1.46 (SD 0.46). This higher variability is a well-known property of
inverse probability weighting when propensity scores approach 0 or 1, and was observed under both the conventional
and SMARTS approaches at comparable magnitudes, confirming that it reflects the weighting method rather than

/Y
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the pseudo-switching time assignment. Regression adjustment and PSM provided the most stable estimates across
all scenarios.

Application to a real-world study
As described elsewhere [31], NVAF patients initiating rivaroxaban between 1 January 2013 and 31 December
2021 were identified Using Optum’s de-identified Clinformatics® Data Mart Database. Pseudo-switching times
were assigned to rivaroxaban continuers using the method described in this article. Switchers and continuers
were matched at a ratio of 1:5, resulting in 2873 rivaroxaban-to-apixaban switchers to be matched with 14,365
rivaroxaban continuers. Figure 7 indicates matching distributions of pseudo-switching and switching times.
Figure 8 presented the IRs and HRs for risk of MB and stroke between switchers and continuers for the
rivaroxaban initiators, re-analyzed from the study described in Deitelzweig e al. (31]. When continuers were not
assigned pseudo-switching time and were evaluated from treatment initiation to the end of follow-up and switchers
were evaluated from switching to end of follow-up, the HR of MB and stroke between switchers and continuers for
rivaroxaban initiators were 0.77 and 1.02. After assigning pseudo-switching times to the continuers and evaluating
from switching/pseudo-switching to follow-up end, the HR of MB and stroke were 0.69 and 0.94. Following
further balancing the continuers and the switchers, the HR of MB and stroke were 0.49 and 0.74.

Discussion

We developed and validated SMARTS, a method for comparing outcomes between treatment switchers and
continuers in routine clinical practice. The method assigns pseudo-switching times to continuers from the empirical
distribution of actual switching times, aligning the time origins from which outcomes are evaluated. Our factorial
simulation demonstrated that this temporal alignment substantially reduces bias when the baseline hazard changes
over time: under increasing or decreasing hazard, the conventional approach produced severely biased estimates
(e.g., adjusted HR = 1.06 vs true HR = 0.70 under increasing hazard in the sicker-switchers scenario), while
SMARTS combined with confounder adjustment recovered estimates close to the true value across all scenarios.
Under constant hazard, both approaches performed well, confirming that timing bias is the specific issue SMARTS
addresses.

Several existing methods address treatment switching, and it is important to clarify how SMARTS relates to these.
The two-stage methods in NICE TSD 16 [23-25] address patients who switch from a control to the active treatment
in randomized trials, aiming to estimate the counterfactual outcome had no switching occurred. SMARTS addresses
a fundamentally different question: directly comparing outcomes between patients who switch away from an initial
treatment versus those who continue, without constructing counterfactual outcomes. Marginal structural models
and g-estimation [13,15,57-39] address time-varying confounding along the treatment trajectory but do not resolve
the index date problem — without a valid starting point for evaluating continuers, any downstream analysis carries
timing bias when hazard changes over time. SMARTS is complementary to these approaches: it provides the
temporal alignment, after which any confounding adjustment method can be applied. The prevalent new-user
design of Suissa ez al. [12) also addresses the index date problem but matches on calendar date rather than time since
treatment initiation. We argue that treatment duration is the more clinically appropriate matching axis, as patients

Methodology
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at the same calendar date may be at very different stages of their treatment trajectory. Calendar-time matching may
be preferred when secular trends are the dominant concern.

The proposed method has several strengths: it addresses a practical problem often overlooked in observational
studies, is agnostic to the downstream confounding adjustment strategy, does not require knowledge of the
reason for switching, and is straightforward to implement via the publicly available SMARTS R package. Several
limitations should be acknowledged. The random assignment of pseudo-switching times introduces variability,
which we mitigated by averaging over 1000 independent assignments per dataset. Continuers with follow-up
shorter than the minimum switching time are excluded; the exclusion rate should be reported. The method assumes
noninformative censoring conditional on measured confounders; combining SMARTS with inverse probability of
censoring weighting could address informative censoring in future work. Finally, the analysis adjusts for confounders
measured at (pseudo-)switching time but not for post-switch changes [40], which may be mediators of the treatment
effect rather than confounders.

In conclusion, SMARTS provides a practical tool for researchers evaluating treatment switching in routine
clinical practice. By aligning the time origins for switchers and continuers, the method eliminates timing bias
that can reverse the apparent direction of the treatment effect. Combined with confounder adjustment at the
(pseudo-)switching time, it substantially reduced bias across a range of simulated scenarios and was successfully
applied to a real-world study of anticoagulant switching in patients with non-valvular atrial fibrillation.

Conclusion

We have developed a method to address the methodological issues associated with outcomes comparisons between
switchers and continuers in routine clinical practice. The simulation demonstrated that the method is valid and
reduced the magnitude of bias in comparing outcomes between switchers and continuers. This method has been
successfully applied to a recently published real-world study. Additional application will further confirm the utility
of this method.

Summary points

e When researchers need to assess the impact of treatment switch, a common challenge is to identify the
appropriate index date for measuring clinical outcomes in continuers for comparison with switchers (for whom
the switching date could serve as the index date). The two cohorts (continuers and switchers) usually have very
different risk profiles and the risk of a clinical event of interest usually changes over time.

e We have developed a method to address the methodological challenges by assigning pseudo-switching times to
the continuers with matched distribution to the switching times for switchers.

e The method further matched/weighted both groups to ensure comparable comorbidities and risk of clinical
events before switching/pseudo-switching.

e The method was validated by simulating a cohort of switchers and continuers with a specific hazard ratio (HR) of
a simulated clinical event between the two groups.

e The validation showed that our method of assigning pseudo-switching times to the continuers and
matching/weighting the distribution of the switching times/pseudo-switching times and the preswitching risk of
event, yielded HR estimates closer to the true simulated HR.

e Application of the method to a real-world study improved the distribution of pre-switch times between
rivaroxaban continuers and rivaroxaban-to-apixaban switchers.
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