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Abstract 

Timeliness of therapy initiation is a fundamental determinant of outcomes for many medical 

conditions, most importantly, cancer. Yet, existing inefficiencies in healthcare systems mean 

that delays between diagnosis and treatment frequently adversely affect the clinical outcome 

for cancer patients. Although estimates of effects of lag time to therapy would be informative 

to policymakers considering resource allocation to minimize delays in oncology, causal 

methods are seldom explicitly discussed in epidemiologic analyses of these lag times. Here, 

we propose causal estimands for such studies, and outline the protocol of a target trial that 

could be emulated with observational data on lag times. To illustrate the application of this 

approach, we simulate studies of lag time to treatment under two scenarios: one in which 

indication bias (Waiting Time Paradox) is present and another in which it is absent. Although 

our discussion focuses on oncologic outcomes, components of the proposed target trial could 

be adapted to study delays for other medical conditions. We believe that the clarity with which 

causal questions are posed under the target trial emulation framework would lead to improved 

quantification of the effects of lag times in oncology, and hence to better informed policy 

decisions. 
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Causal estimands and target trials for the effect of lag time to treatment of cancer patients 

 

1. Introduction 

The time interval that elapses between the diagnosis of a clinical condition and the initiation of 

therapy might affect morbidity and mortality outcomes of patients (1). A medical field in which 

this has been studied in detail is oncology; several studies (2-7) have described different aspects 

of delays between diagnosis and treatment in cancer patients. This research literature revealed 

considerable variation in the associations between lag time and oncologic outcomes, and in 

some settings, shorter time intervals between diagnosis and treatment were associated with 

higher (rather than, as one would expect, lower) mortality. Although this might be partially 

related to differences between populations, epidemiologic biases could contribute to these 

variable results. Specifically, indication bias, whereby patients with more severe disease are 

prioritized for care, might explain observations of shorter lag times being associated with 

poorer outcomes; this phenomenon is known as the Waiting Time Paradox, and also occurs for 

lag times between other steps of cancer care (8-10), for example, for the lag time from symptom 

onset to diagnosis.  

 

The decision of whether to allocate or not more resources to minimize lag times between steps 

of oncologic care should be informed by studies that ask precise causal questions. And yet, in 

many studies of lag time to treatment of cancer patients, there is limited or no discussion about 

estimands that could be interpreted causally, and therefore that could be used in comparative 

assessments of treatment initiation policies or clinical guidelines. Here, we follow principles 

of the target trial emulation framework (11-13) to discuss a causally interpretable and clinically 

relevant estimand and a target trial protocol that could be used to quantify effects of lag time 

from diagnosis to oncologic treatment. In the next section, we describe the notation used 
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throughout. Then, we define estimands that, we argue, are relevant in this context. Next, we 

propose the protocol for a target trial that would derive one of these estimands, and present 

simulations that illustrate its use. Although, for clarity, we focus on one type of lag time (from 

diagnosis to treatment), the approach described here could, with some adaptations, be used in 

the study of other lag times postulated to influence cancer outcomes.   

 

2. Methods 

2.1 Notation 

We consider a study that includes patients diagnosed with a particular type of cancer. 

Participants are followed for a maximum time of 𝑇 + 1 months; here, we use discrete time (e.g. 

months 0,1, … , 𝑇) to refer to the follow-up and timing of events. Further, we denote the binary 

treatment status at time 𝑡 with 𝐴𝑡 (1 = patient treated at time 𝑡; 0 = patient not treated at time 

𝑡). We denote death status at month 𝑡 with 𝑌𝑡 (1 = patient dead at time 𝑡; 0 = patient alive at 

time 𝑡). If 𝐴𝑡 = 1 (𝑌𝑡 = 1), then 𝐴𝑡′ = 1 (𝑌𝑡′ = 1) for 𝑡 ≤ 𝑡′ ≤ 𝑇. Moreover, 𝐴𝑡
̅̅ ̅ corresponds 

to treatment history relative to time 𝑡, that is, 𝐴𝑡
̅̅ ̅ = (𝐴0, 𝐴1, … , 𝐴𝑡); and 𝑌𝑡

𝑎𝑡̅̅ ̅
 represents the 

potential outcome of 𝑌 at time 𝑡 under a treatment strategy 𝑎𝑡̅. 

 

3. Results 

3.1 Causal estimands for the effect of lag time  

Different causal questions, and hence estimands, can be considered in the context of studies on 

lag time to oncologic treatment. For instance, a causal estimand that could be targeted is the 

following: 

 

𝜃𝐸1 = Pr(𝑌𝑚
𝑎𝑚̅̅ ̅̅̅=1

= 1) − Pr(𝑌𝑚
𝑎𝑚̅̅ ̅̅̅=0

= 1) 
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which contrasts counterfactual quantities in scenarios where participants are treated from time 

0 versus not treated for the entirety of the follow-up 𝑚 (𝑚 ≤ 𝑇) used to define the outcome; 

these two treatment strategies correspond to deterministic static strategies.(14) Although 𝜃𝐸1 

is a valid causal estimand, for a value of 𝑚 before which a substantial proportion of outcome 

events occurs, 𝜃𝐸1 does not capture the impact of treatment delay, but rather that of treatment 

versus non-treatment.  

 

In fact, the term “lag time” implies a comparison of treatment strategies where initiation of 

treatment in one strategy occurs earlier than that under another strategy; this also suggests an 

informative causal question from a policy standpoint: if public health professionals had to 

decide on resource allocation, so that waiting times in cancer care could be reduced, they would 

be interested in quantifying the, potentially negative, effect that a treatment delay of 𝑑 months 

might have on clinical outcomes. In this case, the following estimand might be of interest: 

 

𝜃𝑑
𝐸2 = Pr(𝑌𝑚

𝑎𝑚̅̅ ̅̅̅=1
= 1) − Pr(𝑌𝑚

𝑎𝑑−1̅̅ ̅̅ ̅̅ ̅=0,𝑎𝑑=1
= 1) 

 

where 𝑎𝑑 = (𝑎𝑑, 𝑎𝑑+1  … , 𝑎𝑚). The estimand 𝜃𝑑
𝐸2 thus depends on the delay 𝑑 that is being 

considered, and is a quantitative measure of the effect of delaying treatment by 𝑑 months. We 

argue that 𝜃𝑑
𝐸2 might be more relevant for the study of lag times than 𝜃𝐸1 and than the following 

estimand 

 

 Pr(𝑌𝑚

𝑎𝑑−1̅̅ ̅̅ ̅̅ ̅=0,𝑎𝑑=1
= 1) − Pr(𝑌𝑚

𝑎𝑚̅̅ ̅̅̅=0
= 1),  
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which quantifies the effect of initiating treatment at time 𝑑 versus not initiating treatment; we 

note that the latter estimand is analogous to one of the estimands in Appendix S1.1 of (15), 

described in the different context of vaccine effectiveness.   

 

We might also consider treatment strategies that use grace periods (16). For example, we could 

consider a treatment strategy that uses a grace period of 3 months: start treatment within 3 

months after diagnosis. For simplicity, in the next section, we will not consider grace periods.  

 

3.2 Target trial comparing strategies defined by timing of treatment initiation 

The causal contrasts in the previous section could be estimated in a hypothetical trial that 

randomizes time of initiation of therapy. Although such trials might, in general, not be feasible, 

to clearly frame the causal questions that might be asked in observational studies on lag times, 

we consider the design of these trials. Below, we focus on the causal question  

“What is the effect, expressed in terms of survival at time 𝑡, of delaying treatment 

initiation by 𝑑 months for the population of patients with diagnosis of a particular type 

of cancer and that require a particular type of therapy?”  

 

Hence, our focus is on the causal estimand 𝜃𝑑
𝐸2. Specifically, we (i) discuss different 

components of the protocol of the relevant target trial, and (ii) outline how observational data 

might be used to emulate this trial – the two steps of the target trial emulation framework (17). 

  

First, regarding the eligibility criteria for the target trial, eligible individuals would be those 

diagnosed with a particular cancer type during the recruitment window. If the causal question 

of interest refers to a particular therapeutic modality, investigators would need to restrict 

enrolment to patients who require curative therapy of a similar type (e.g. surgery or 
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chemotherapy); one reason for studying lag time effects in respect to a particular treatment 

modality is the possibility that different treatment types might involve intrinsically different 

lag times. We note, however, that for some types of cancer and settings, this might be difficult, 

as it is possible that for some patients the delay becomes so critical that the disease may require 

more aggressive treatment combinations than it did at the time of diagnosis, due to a stage shift 

to a more advanced condition. In other words, it is conceivable that, in some contexts, treatment 

delay affects treatment modality itself. Similar eligibility criteria would be used in the 

emulation of the target trial; for that, date of cancer diagnosis would need to be available in the 

study dataset (e.g. from codes in medical registry databases). Note that although we chose to 

focus on the effect of treatment delays for the entire population of patients diagnosed with a 

particular cancer type, and possibly requiring a particular treatment modality, regardless of 

disease severity at diagnosis, it could be argued that the population that should be enrolled in 

such a target trial ought to include only those for whom it is realistically (in ethical terms) 

possible to delay treatment. On this view, we might want to restrict the study population to 

patients with, for instance, intermediate cancer staging and grading, and the causal estimand 

here would then be Pr(𝑌𝑚
𝑎𝑚̅̅ ̅̅̅=1

= 1|𝑆 = "𝐼𝐼/𝐼𝐼𝐼") − Pr(𝑌𝑚

𝑎𝑑−1̅̅ ̅̅ ̅̅ ̅=0,𝑎𝑑=1
= 1|𝑆 = "𝐼𝐼/𝐼𝐼𝐼"), 

where 𝑆 is a categorical variable indicating cancer staging, and "𝐼𝐼/𝐼𝐼𝐼" corresponds to Stages 

II or III. 

  

As for the treatment strategies, we consider initiation of treatment during the first month after 

diagnosis (𝑡 = 0) versus treatment initiation at time 𝑑, with each value 𝑑 corresponding to a 

different treatment strategy. Although in a clinical trial, the treatment strategy assigned to a 

participant is unambiguously defined from time 0, in an observational emulation of the trial, 

the treatment strategy defined by a lag time 𝑑 would remain unrevealed until treatment is 

actually initiated at time 𝑑. For instance, if we consider treatment strategies defined by (𝑎𝑑−1̅̅ ̅̅ ̅̅ =
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0, 𝑎𝑑 = 1), then when emulating the target trial with observational data, individuals who are 

not treated during the first month after diagnosis would have data compatible, at time 0, with 

multiple strategies where 𝑑 > 0. For these participants, clones would be created in the dataset 

that would be assigned to different strategies compatible with data at time 0. Whenever a clone 

deviates from the assigned strategy, it would be artificially censored (18). For example, if, for 

a patient, treatment is initiated at time 𝑡, then clones of this patient under strategies with 𝑑 > 𝑡 

would be censored at  𝑡. In Figure 1, we illustrate cloning of data from study participants and 

censoring of clones that deviate from treatment strategies; note, for instance, that for the 

individual who remained untreated until the time of death at 𝑡 = 4, the death event would count 

for all treatment strategies with 𝑑 > 4. 

 

A component of the target trial protocol that is definitionally different in the observational 

emulation is the assignment of treatment strategies. While in the target trial, assignment of 

treatment strategies would involve randomization, in the emulation, we need to assume no 

unmeasured confounding conditional on covariates, which here would imply sequential 

conditional exchangeability for censoring, allowing to address selection bias from artificial 

censoring of clones. Note that in our context both the ideal trial (19) and the target trial would 

be unblinded, as effects of treatment delay mediated through knowledge of treatment timing 

would be of intrinsic interest.  

 

Moreover, for both the target trial and its observational emulation, time zero of follow-up 

would coincide with cancer diagnosis, which, in the target trial, would also coincide with 

treatment strategy assignment; and follow-up would end at time 𝑚 for all treatment strategies 

or at the time of death.  
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Finally, the statistical analysis of the trial would involve a comparison of the outcome 𝑌𝑚 in 

different treatment arms; both intention-to-treat and per protocol analyses could be performed 

in the target trial. In the observational emulation, we would need to focus on the per protocol 

causal contrast, and would account for the potential selection bias introduced by censoring 

(Figure 1) using inverse probability weighting (18, 20, 21) (see Appendix 2 in (22) for a 

discussion on relevant assumptions).  
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Figure 1. Illustration of the follow-up in an observational study and of clone-specific 

censoring. Hypothetical data from three study participants are shown in the left; each square 

represents a month of the follow-up. Treatment is denoted by grey, and death by an “X”. In the 

right side of the figure, we present information on clones for each participant; “C” indicates 

censoring.  
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3.3 Numerical example 

Here, we illustrate the approach described above with an application. We simulated a 

hypothetical observational study in which patients were followed from diagnosis of an 

aggressive form of cancer until the end of follow-up, six months later, or until death, whichever 

occurred earlier. Our objective was to estimate the effect of starting treatment on month 0 

versus month 2 after diagnosis; the outcome of interest was death in the first six months of 

follow-up. The simulation approach, with the assumed parameter values, is described in the 

Appendix (Simulation approach for the numerical example section). Briefly, the underlying 

data generating mechanism involved a fixed probability of treatment initiation at each month, 

and the hazard of death was assumed to be reduced by treatment. 

 

In Table 1, data from two hypothetical study populations are presented: one in which the 

Waiting Time Paradox is absent, and another where this bias is present and individuals with 

more severe disease have a higher probability of treatment initiation. For Scenario I of Table 

1, a lower proportion of participants treated on month 0 are alive 6 months after diagnosis 

compared to those who initiate treatment at month 2 (0.84 versus 0.88, respectively; difference 

-0.04, 95% confidence interval [CI]: -0.05, -0.03). This comparison is affected by immortal 

time bias (23), as participants starting treatment at month 2 could not, by definition, have 

developed the outcome during the first two months. A similar pattern is observed in Scenario 

II, where the proportions of participants who initiated treatment at month 0 versus month 2 and 

who were alive at month 6 were: 0.57 versus 0.69 for patients with more severe disease, and 

0.84 versus 0.89 for patients with less severe disease; in the total population, these proportions 

were 0.66 versus 0.79 (difference -0.14, 95% CI: -0.15, -0.13). Note that in these comparisons, 

data from participants who did not receive treatment or who initiated treatment at month 1 or 

after month 2 are not included. 
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Now, if we emulate the target trial described in the previous section using these data, then each 

participant might contribute to multiple treatment strategies defined based on lag time to 

treatment; such analyses require data cloning, censoring and weighting (18). For Scenario I, 

we estimated, using the inverse-probability-weighted Kaplan Meier method, that survival at 6 

months was 0.84 versus 0.79 for treatment strategies with 𝑑 = 0 versus 𝑑 = 2 (difference 0.05, 

95% CI: 0.04, 0.06); this coincides with the true values based on a simulation in which the 

entire population received these strategies. For Scenario II, survival at 6 months was 0.70 

versus 0.63 for treatment strategies 𝑑 = 0 versus 𝑑 = 2 (which, again, coincides with the true 

values); the difference in survival was 0.07, 95% CI: 0.06, 0.08. 
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Table 1. Numerical example. For Scenario I, we present data for a population without indication bias; data are stratified by month of treatment 

initiation (proportions refer to the group that received treatment, and not to the total population). The column “Survival rate” represents the 

proportions of patients alive at month 6. Some patients died before treatment initiation; the month of death is indicated for these patients (here, 

proportions refer to the total population). In Scenario II, we assume disease severity influences both timing of treatment initiation and the clinical 

outcome; in this scenario, proportions are presented for each severity category. For each scenario, we simulated data for 50,000 participants, which 

allows precise estimates. For example, for Scenario I, the difference between survival at 6 months for treatment strategies with 𝑑 = 0 versus 𝑑 =

2 is 0.05 (95% CI 0.04, 0.06; confidence interval was calculated from bootstrap samples), and for Scenario II, this difference is 0.07 (95% CI 0.06, 

0.08). In reality, sample sizes might be considerably smaller, which could also lead to positivity issues as few patients begin treatment at any given 

time; this could be alleviated by using grace periods or coarsening intervals. 
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Scenario I          

            

Month of treatment initiation  Proportion  Survival rate       

0  0.30  0.84       

1  0.23  0.86       

2  0.17  0.88       

3 or later  0.30  0.93       

          

   Timing of death       

   Month 0 Month 1 Month 2 or later       

Patients who died before treatment  0.05 0.03 0.07       

                    

Scenario II         

   Patients with more severe disease Patients with less severe disease 

Month of treatment initiation  Proportion  Survival rate  Proportion  Survival rate   

0  0.53  0.57  0.30  0.84   

1  0.25  0.62  0.23  0.85   

2  0.12  0.69  0.17  0.89   

3 or later  0.10  0.80  0.30  0.93  

            

   Timing of death   Timing of death    
  Month 0 Month 1 Month 2 or later  Month 0 Month 1 Month 2 or later   

Patients who died before treatment  0.09 0.04 0.04  0.04 0.03 0.07   
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4. Discussion 

Use of the target trial emulation framework has led to significant improvements in 

epidemiologic practice aimed at addressing causal questions, and multiple observational 

studies in cancer epidemiology have employed this framework (24-27). In this paper, we 

leverage the clarity provided by the target trial emulation framework to propose an estimand 

and a hypothetical trial design that might be useful when the scientific question of interest 

relates to the negative impact of treatment delays on oncologic outcomes. Indeed, while there 

have been many studies on lag times, not only between diagnosis and treatment, but also 

between other steps in cancer care (see review by Tope and colleagues (6)), we argue that the 

approach described here, and potentially other approaches based on this framework, would 

allow investigators to estimate quantities that are easier to interpret and more directly relevant 

to policy making. In fact, we note that a similar approach was used by Garcia-Albeniz and 

colleagues (28) to study the optimal timing of androgen deprivation therapy in prostate cancer 

patients with relapse, although in that study, instead of an alternative strategy defined in terms 

of a particular delay, the authors considered a “deferred” treatment strategy that was defined 

based on clinical criteria.    

 

As indicated above, the type of question considered here is, in many respects, distinct from 

comparisons of treatments for which timing of initiation is assumed to approximately coincide. 

One of the differences relates to the fact that, in the observational emulation of target trials, 

strategies defined based on lag time to treatment might not be distinguishable at time 0, whereas 

in comparisons of different therapeutic approaches (e.g. different chemotherapy regimens), 

they likely are. Another potential complication in studies of the influence of lag time is that 

longer delays to therapy mean that treatment might start at later stages of the natural disease 

progression. An analogous problem was studied for the initiation of antiretroviral therapy in 
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patients with HIV infection (29); in that study, Cole and colleagues argued that while a trial 

would capture the events for fast progressors in the arm that corresponds to deferred treatment, 

an observational study with start of follow-up defined by treatment initiation would not account 

for these factors. As discussed in the study by Cain and colleagues (18), where an approach 

similar to the one proposed here was used, the target trial formulation of treatment strategies 

avoids this problem. 

 

In addition to allowing precise articulation of causal questions, emulations of target trials also 

avoid design-related biases. This approach, however, might still be affected by confounding, 

and hence, above, we assumed that a database would be available with information on 

eligibility criteria and confounders (including possible time-varying confounders). 

Alternatively, prospective studies could be designed to collect information on a sufficient set 

of variables that would allow for the control of confounding. Relatedly, while we considered 

disease severity at the time of diagnosis as a possible source of bias, other factors might be 

important, including age and presence of comorbidities. In real-world studies, the statistical 

method used in the analysis (e.g. inverse probability weighting) would thus need to account for 

these factors to enable a quasi-experimental framework to infer causality.  

 

Finally, it is important to clarify that although the comparisons above were defined relative to 

𝑑 = 0, that is, to the treatment strategy 𝑎𝑚̅̅ ̅̅ = 1, it might be the case that treatment initiation in 

the month following diagnosis is not feasible. As mentioned in a previous section, treatment 

strategies with grace periods (for instance, the strategy of starting treatment any time during 

the first 3 months after diagnosis) could be useful in this context. Alternatively, comparisons 

could be defined in reference to a delay 𝑑 that would be minimal among those that are 

logistically feasible in a particular setting. 
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In summary, estimating the effects of lag time to treatment of cancer patients would help 

policymakers to weigh the benefits of interventions that would minimize such delays. 

Meaningful analyses of these effects require first identifying a relevant and precise causal 

question and a corresponding estimand, and then describing the protocol of a target trial that 

would answer this question. By doing just this, we hope this paper will facilitate the design of 

causal analyses on lag times and improve oncologic outcomes. Moreover, some of the 

considerations presented here could be used as a starting point by investigators to ensure that 

their studies on lag time comply with the recently published Transparent Reporting of 

Observational Studies Emulating a Target Trial (TARGET) Statement (17). 
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Simulation approach for the numerical example 

 

To generate the data in Table 1, we first defined the probability of death by the end of the 

follow-up in the absence of treatment, Pr(𝑌𝑚
𝑎𝑚̅̅ ̅̅̅=0

= 1); in simulations presented in the main 

text, we assume this probability to be 0.30. For simplicity, we assume that the hazard of death 

was stable during the follow-up:  

 

Pr(𝑌𝑡
𝑎𝑡̅̅ ̅=0

= 1|𝑌𝑡−1
𝑎𝑡−1̅̅ ̅̅ ̅̅ ̅=0

= 0) = 1 − √(1 − Pr(𝑌𝑚
𝑎𝑚̅̅ ̅̅̅=0

= 1))
𝑚

 

 

We modelled treatment initiation with: 

 

Pr(𝐴𝑡 = 1| 𝐴𝑡−1 = 0, 𝑌𝑡−1 = 0, 𝐶) = 𝑒𝑥𝑝𝑖𝑡(𝛽0 + 𝐶𝛽1) 

 

where 𝐴𝑡  is a binary variable indicating treatment at time 𝑡; 𝛽0 = 𝑙𝑜𝑔𝑖𝑡(0.20) and for Scenario 

II (Table 1) 𝛽1 = log (3) (for Scenario I, 𝛽1 = log(1)); 𝐶 is a binary variable indicating disease 

severity, and in Scenario II, the probability of presenting more severe disease is assumed to be 

0.50. 

 

The impact of disease severity and treatment on the hazard of death was modelled as: 

 

Pr(𝑌𝑡 = 1|𝑌𝑡−1 = 0, 𝐴𝑡 , 𝐶) =  𝑒𝑥𝑝𝑖𝑡(𝛼0 + 𝐶𝛼1 + 𝐴𝑡𝛼2) 

 

where 𝛼0 = 𝑙𝑜𝑔𝑖𝑡(0.06) (based on Pr(𝑌𝑡
𝑎𝑡̅̅ ̅=0

= 1|𝑌𝑡−1
𝑎𝑡−1̅̅ ̅̅ ̅̅ ̅=0

= 0) defined above), and 𝛼1 and 

𝛼2 are parameters representing log-odds ratios. We assumed 𝛼2 = log (0.50). In Scenario I, 

𝛼1 = log (1), and in Scenario II, 𝛼1 = 1.14 was calculated so that Pr(𝑌𝑚
𝑎𝑚̅̅ ̅̅̅=0

= 1| 𝐶 = 1) =

0.65.  

 

Given the above, the true values for the quantities determining the causal contrasts of interest 

are: 

 

Scenario I 

Pr(𝑌6
𝑎6̅̅̅̅ =1

= 0) = (1 − 𝑒𝑥𝑝𝑖𝑡(𝛼0 + 𝛼2))
6

=  0.83  
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Pr(𝑌6

𝑎1̅̅̅̅ =0,𝑎2=1
= 0) = (1 − 𝑒𝑥𝑝𝑖𝑡(𝛼0))

2
(1 − 𝑒𝑥𝑝𝑖𝑡(𝛼0 + 𝛼2))

4
= 0.79 

 

Scenario II 

Pr(𝑌6
𝑎6̅̅̅̅ =1

= 0 | 𝐶 = 0) = (1 − 𝑒𝑥𝑝𝑖𝑡(𝛼0 + 𝛼2))
6

=  0.83 

Pr(𝑌6

𝑎1̅̅̅̅ =0,𝑎2=1
= 0 | 𝐶 = 0) = (1 − 𝑒𝑥𝑝𝑖𝑡(𝛼0))

2
(1 − 𝑒𝑥𝑝𝑖𝑡(𝛼0 + 𝛼2))

4
= 0.79 

Pr(𝑌6
𝑎6̅̅̅̅ =1

= 0 | 𝐶 = 1) = (1 − 𝑒𝑥𝑝𝑖𝑡(𝛼0 + 𝛼1 + 𝛼2))
6

=  0.58   

Pr(𝑌6

𝑎1̅̅̅̅ =0,𝑎2=1
= 0 | 𝐶 = 1) = (1 − 𝑒𝑥𝑝𝑖𝑡(𝛼0 + 𝛼1))

2
(1 − 𝑒𝑥𝑝𝑖𝑡(𝛼0 + 𝛼1 + 𝛼2))

4
= 0.49 

 

For analyses that emulate a target trial, data from participants were cloned for each treatment 

strategy with which they were consistent during follow-up; clones were then censored 

whenever data deviated from the corresponding strategy. To account for selection bias 

introduced by censoring, we used stabilised inverse probability of censoring weights (1), where 

terms were estimated using logistic regressions applied to the original dataset, without clones. 

Weights were used in Kaplan-Meier analyses to estimate survival curves. 

 

Additional information on simulations presented in Table 1 

 

For Scenario I of Table 1, 66.5% of participants received treatment during the six months 

following diagnosis, and 23.2% died during follow-up. Of the 33.5% that were not treated in 

the first six months, nearly half (15.2%) died during the follow-up. In the expanded dataset 

with data clones, 10,050/50,000 individuals were assigned to the treatment strategy 

corresponding to 𝑑 = 0, and 39,950/50,000 individuals, to treatment strategies 𝑑 = 1 and 𝑑 =

2 (we did not consider strategies with 𝑑 > 2 ).  

 

In Scenario II, 74.0% of participants received treatment during the six months following 

diagnosis, and 35.9% died during follow-up. In the expanded dataset with clones, 

15,762/50,000 individuals were assigned to the treatment strategy corresponding to 𝑑 = 0, and 

34,238/50,000 individuals, to treatment strategies 𝑑 = 1 and 𝑑 = 2.  
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