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Abstract

Purpose: Oncology electronic health record (EHR) databases have increased in quality and 

availability over the past decade, yet it remains unclear whether these clinical practice data can be 

used to conduct reliable comparative effectiveness studies. We sought to emulate a clinical trial 

with EHR data in the advanced breast cancer population and compare our results against the trial.

Methods: This cohort study used EHR data from US oncology practices. All elements of 

the study were defined to mimic the PALOMA-2 trial as closely as possible. Patients with 

hormone-positive, HER-2 negative metastatic breast cancer with no prior treatment for metastatic 

disease were included. Patients initiating palbociclib and letrozole on the same day following 

the earliest record of metastasis were compared to those initiating letrozole only. The primary 

Correspondence: David Merola, Division of Pharmacoepidemiology and Pharmacoeconomics, Department of Medicine, Brigham 
and Women’s Hospital, Harvard Medical School, 1620 Tremont Street Suite 3030, Boston, MA 02120, USA. davemerola@gmail.com.
AUTHOR CONTRIBUTIONS
David Merola, Sebastian Schneeweiss, Deborah Schrag, Jessica Young: Conception or design of the work. David Merola: 
Collection and assembly of data. David Merola: Data analysis and interpretation. David Merola: Drafting the article. Sebastian 
Schneeweiss, Jessica Young, Deborah Schrag, Kueiyu Joshua Lin, Sarah Alwardt: Critical revision of the article. All authors: 
Final approval of the version to be published.

ETHICS STATEMENT
This study was exempt from institutional review board approval as the study was retrospective, non-randomized, and used anonymized 
data.

SUPPORTING INFORMATION
Additional supporting information can be found online in the Supporting Information section at the end of this article.

HHS Public Access
Author manuscript
Pharmacoepidemiol Drug Saf. Author manuscript; available in PMC 2023 April 01.

Published in final edited form as:
Pharmacoepidemiol Drug Saf. 2023 April ; 32(4): 426–434. doi:10.1002/pds.5565.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



associational measure was the conditional hazard ratio for time-to-next treatment (TTNT). TTNT 

is well-measured in our data source and amenable for calibration against the randomized study 

results of the PALOMA-2 trial. We used multiple imputation for several patient characteristics 

with missing values.

Results: There were 3836 study-eligible women with advanced breast cancer. The hazard ratio 

for TTNT in the observational study (HR: 0.62; 95% CI: 0.56–0.68) was closely aligned with that 

of the randomized trial (HR: 0.64; 95% CI: 0.52–0.78).

Conclusions: Under our assumptions on missing data and comparability of the two study 

populations, results from our non-randomized study closely matched that of the randomized trial. 

Further studies are needed to determine whether EHR data can yield reliable conclusions on 

treatment effects in oncology.

Plain Language Summary

Data collected from routine clinical practice have increased in quality and availability over the past 

decade, yet it remains unclear whether these data can be used to reliably study drug effectiveness. 

We sought to emulate a randomized clinical trial with such data in the advanced breast cancer 

population and compare our results against the trial. All eligibility criteria, treatments, and 

outcome variables were defined to mimic the PALOMA-2 trial as closely as possible. There 

were 3836 study-eligible women with advanced breast cancer. The results of the observational 

study were closely aligned with that of the randomized clinical trial. Additional emulations 

of randomized trials are needed in oncology to gain predictable confidence in when and how 

treatment effects of oncology products can be studied with electronic health record databases.
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1 | INTRODUCTION

Legislative and technological changes over the past decade have given rise to the use 

of healthcare databases (e.g., administrative claims, electronic health records) in clinical 

research.1,2 Traditionally, the utility of these databases in the context of oncology has 

been limited due to their poor capture of key clinical characteristics, such as tumor stage, 

histology, and performance status. However, new specialized electronic health record (EHR) 

databases3,4 containing these prognosticators and other important clinical information are 

rapidly emerging. Despite recent improvements in data quality, specialized oncology EHR 

databases have limitations including missing values and incomplete capture of encounters 

across the healthcare continuum. Consequently, the utility of these data in conducting 

comparative effectiveness research has yet to be elucidated.

One approach to establishing whether specialized oncology EHR databases can be used 

for drug effectiveness research is to calibrate database studies against randomized clinical 

trials.5,6 If a thoughtfully analyzed observational study’s result is congruent with that 

of the interventional trial, assuming closely emulated treatment, outcome, and eligibility 
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criteria, then such a finding would support the validity of using the database to carry out 

effectiveness studies in that particular setting. In the advanced breast cancer setting, some 

investigators have taken a similar approach. For example, Bartlett and colleagues compared 

outcomes between the control arm of the PALOMA-2 trial and a similar cohort of advanced 

breast cancer patients receiving the same treatment (i.e., first-line letrozole) in routine 

clinical practice.7 Their results showed similarity between specially curated outcomes (i.e., 

real-world progression-free survival [rwPFS] and response rate [rwRR]) and analogous 

outcomes reported in the trial. Although this is a promising finding, the study employed a 

single database and had a relatively small study population, limiting the generalizability of 

conclusions to other data sources and endpoints.

In the present study, we aimed to build upon this work by using a different EHR database 

to estimate time-to-next treatment (TTNT), an exploratory endpoint reported in a follow-

up study of the PALOMA-2 trial (NCT01740427) participants.8 We report TTNT as the 

conditional relative hazard as well as cumulative risk of adding or switching to a second 

line therapy or all-cause mortality among patients initiating palbociclib and letrozole versus 

letrozole only. The PALOMA-2 trial was a Phase III study that examined the efficacy of 

palbociclib in combination with letrozole versus letrozole and placebo for the first-line 

treatment of estrogen receptor positive (ER+), human epidermal growth factor receptor 2 

negative (HER2−) advanced breast cancer.8,9 The primary efficacy endpoint of the trial, 

investigator-assessed progression-free survival, was not measurable in our data source due 

to a lack of imaging data. Consequently, we chose to estimate the association between 

treatment and TTNT, which is well-captured in our EHR data source.

2 | METHODS

2.1 | Data sources

This study utilized data from the McKesson iKnowMedSM (iKM) EHR database, which is 

derived from outpatient medical records of over a 100 community oncology practices in the 

US Oncology Network from January 1, 2004 through March 28, 2021. The data were drawn 

from various fields in the EHR and compiled into 11 structured tables for analysis. Patient-

level information on demographics, biomarkers, diagnoses, treatments, vitals, metastasis, 

laboratory results, and other key confounders are included in the database (Table S1).

2.2 | Study population and follow-up

Eligibility criteria for our study were adapted from the PALOMA-2 trial. Within the iKM 

database, women at least 18 years old diagnosed with metastatic breast cancer between 

January 1, 2005 and March 28, 2021 and no evidence of prior treatment for metastatic 

disease were included. To evaluate the first-line advanced disease setting, cohort entry was 

defined by the first date in which palbociclib or letrozole was ordered following an initial 

record of metastatic disease. Patients were excluded if they had a record of systemic breast 

cancer treatment between the first metastasis record and initiation of palbociclib or letrozole. 

Patients with evidence of ER− or HER-2+ subtypes of breast cancer were excluded, while 

patients with confirmed HR+/HER-2− disease or missing biomarker data were included in 

order to reduce the chance of a small sample size and insufficient power to detect an effect 
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size similar to that observed in the PALOMA-2 trial. Biomarker data was drawn from prior 

to the date of treatment initiation, and for patients with multiple biomarker test results, the 

result closest in time to the date of treatment initiation was used. Other eligibility criteria are 

listed alongside the PALOMA-2 trial criteria in Table S2.9 Follow-up began on the day after 

cohort entry and continued until the first of the following events: (1) outcome occurrence 

(i.e., addition of a second line therapy or death due to any cause), (2) loss to follow-up, 

defined by a 90-day period following the last treatment with no evidence of treatment, a 

laboratory test result, or vitals recording, or (3) administrative end of data (March 28, 2021).

2.3 | Treatment ascertainment

Treatment exposures were ascertained by identifying generic names of prescription drug 

orders by within-network oncology providers, which were fully captured in the database. 

When patients were prescribed dual therapy with palbociclib and letrozole, the orders were 

recorded on the same day. Therefore, following the first record of metastasis, patients with 

incident orders for palbociclib and letrozole on the same day were compared to those with 

incident order(s) of letrozole only.

2.4 | All-cause mortality

Mortality was ascertained by provider recording of patients’ vital status as “deceased” in 

a structured field in the health record system. The completeness of mortality data in the 

database has not been formally assessed.

2.5 | Subsequent treatment measurement

The date of the first order for a systemic anti-cancer therapy that was not the primary 

treatment regimen following the index date was deemed the “subsequent treatment,” and 

used to define the TTNT outcome described below.

2.6 | Time-to-next treatment (outcome) measurement

TTNT was defined as a composite outcome of all-cause mortality or initiation of a 

subsequent treatment. TTNT was emulated because it was well-observed in the database 

and approximated the hazard ratio for progression-free survival in an analysis of the trial 

data with extended follow-up.8 In the metastatic breast cancer setting, there are several 

efficacious treatment choices available following failure of a first-line therapy, which further 

supports TTNT as a reasonable proxy for disease progression and treatment efficacy.10,11 As 

with all clinical endpoints, TTNT has limitations. Particularly, extreme cases of treatment 

success and treatment failure may both contribute to long periods prior to initiation of 

subsequent lines of therapy. Furthermore, we implicitly assume that the reasons for initiating 

subsequent lines of therapy in our study match those observed in the randomized trial.

2.7 | Baseline patient characteristics

Patient demographics (age, geographic region), clinical characteristics (smoking status, 

body mass index (BMI), tumor stage, diagnosis date, family history of cancer, Karnofsky/

ECOG performance status, site(s) of metastasis, disease-free interval, number of metastatic 

sites), medication use (anticoagulant use, bone remineralization therapies, antihypertensives, 
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antidepressants, anxiolytics, anti-hyperlipidemics, immunizations, anti-diabetics), and 

comorbidities (anemia, renal disease, anxiety, arthritis, cardiovascular disease, chronic 

obstructive pulmonary disease, diabetes, neutropenia, osteoporosis) were collected to 

characterize the study cohort, adjust for confounding, and/or facilitate comparison with the 

PALOMA-2 trial study population. These variables were all ascertained on or prior to the 

date of treatment start.

2.8 | Missing data

Five key confounding variables had missing values, including BMI (2%), tumor stage 

(13%), smoking status (17%), performance status (27%), and number of metastatic sites 

(63%). The missing values were believed to be due to changes in EHR reporting standards 

that occurred among practices participating in the Oncology Care Model, which could 

be indirectly observed in the data through a practice identifier variable.12,13 In particular, 

physician entry of key variables, such as smoking status and ECOG performance status, into 

structured portions of the EHR became required following entry into the OCM. Therefore, 

we assumed that these variables followed a missing at random (MAR) mechanism and, 

particularly, that missingness was a function of practice identifiers, the exposure, the 

outcome, and all confounders adjusted for in the analysis.

2.9 | Statistical analysis

Multiple imputation with chained equations (MICE) was used to impute missing values 

since this method is suitable to address data that are MAR14 and permits imputation of 

ordinal, nominal, and continuous variables.14 The functional forms of the models specified 

for the imputations are shown in Table S3. All variables included in the outcome regression 

model were also included in the imputation models, in addition to predictors of missingness 

to reduce bias.15,16 Predictive mean matching was used to estimate values of BMI, while 

ordered logistic and multinomial logistic models were used to estimate missing values of 

ordinal and nominal variables, respectively. These models were used to generate 50 imputed 

datasets, which were analyzed individually using the methods described below. Variables 

were imputed in the order of their degree of missingness (from least to most). To account 

for the uncertainty in estimates due to missingness, all 50 point and interval estimates were 

pooled using Rubin’s Rules.17,18

For the primary analysis, a multivariable Cox proportional hazards model was used to 

calculate the relative hazard of TTNT among patients initiating palbociclib and letrozole 

versus letrozole alone, conditional on measured baseline confounders. The model was 

adjusted for 18 confounding variables believed to be prognostic of the outcome (Table 

S4). All these variables were measured on or before the date of treatment initiation. The 

proportional hazards assumption was checked graphically with Schoenfeld residual plots. 

Lastly, using the first imputed dataset, a Kaplan–Meier plot was created in the inverse 

probability (IP) of treatment weighted study population for qualitative comparison to the 

event-free survival curve produced in the PALOMA-2 trial. The distribution of IP weights 

in the study population was examined by treatment group to identify extreme weights which 

suggest positivity violations.19
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2.10 | Non-randomized study versus randomized trial agreement

We qualitatively assessed the magnitude and direction of any difference between the two 

studies’ point and interval estimates of TTNT in the context of any potential sources of 

bias. The standardized difference between the log hazard ratio of TTNT from our emulation 

study with that reported in the PALOMA-2 follow-up study was used because it provides a 

measure of magnitude and direction of any deviation between the two studies, facilitating 

interpretation of the results.6,20

2.11 | Sensitivity analysis I: Approach to missing data and conditional versus marginal 
hazard ratios

To assess the robustness of our outcome model assumptions in the primary analysis, 

we conducted sensitivity analyses. First, only complete cases were analyzed in the same 

manner as the primary analysis. Then, a Cox proportional hazards model weighted by IP 

weights was used to estimate the marginal hazard ratio of TTNT in the complete cases 

only and “imputed” study populations. Analysis of complete cases only offers a way of 

gaining insight regarding our assumption of the missing data mechanism. In particular, the 

complete case analysis is expected to differ from the imputation-based analysis under the 

MAR assumption but may be similar if the data follow a missing completely at random 
(MCAR) mechanism. Additionally, the marginal hazard ratio, calculated with IP weights, 

was hypothesized to align more with the randomized trial result since the estimate produced 

by the trial investigators was not conditional on the confounders in this study and non-

collapsibility of the hazard ratio.21

2.12 | Sensitivity analysis II: Data discontinuity

Since EHR databases typically only contain information from a particular healthcare 

network, patients’ seeking out-of-network care may lead to misclassification bias.22 We 

addressed this by employing a published prediction rule to identify patients with high data-

continuity in health records and restrict the study population to these patients with higher 

data completeness.23 Therefore, in an exploratory analysis, we repeated our primary analysis 

among patients within the 25th, 50th, and 75th percentile of predicted EHR-continuity 

calculated during the 365 days prior to cohort entry (Table S5). The continuity calculation 

used in this study was developed previously using an oncology cohort derived from a linked 

claims-EHR database.

2.13 | Sensitivity analysis III: Surveillance bias

Outcome assessment among patients in the PALOMA-2 trial occurred every 3 months after 

randomization. However, in the emulation study it is possible that patients were surveilled 

at different rates among the treatment arms. This may lead to bias by allowing more 

opportunity for patients in one treatment arm to experience the outcome relative to the 

other. We assessed the potential for surveillance bias by estimating the mean rate of imaging 

procedures and office visits (proxied by vitals measurements) per patient-day during the 

follow-up period for each treatment group.
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2.14 | Sensitivity analysis IV: Misclassification bias due to missing/incomplete biomarker 
data

Approximately 29% of patients receiving letrozole alone and 10% of patients receiving 

palbociclib-letrozole in the final study cohort had missing or incomplete biomarker data. 

These patients were included in the primary analysis to conserve sample size under the 

implicit assumption that they had HR+/HER-2− disease. However, it is possible that some 

or all these patients that received letrozole alone were in fact HER-2+ since letrozole may 

be used among patients with this subtype, while palbociclib is typically not. Given that 

HER-2+ disease is associated with a poorer prognosis24 than HER-2−, our assumption may 

have resulted in a bias away from the null in the primary analysis, favoring the palbociclib-

letrozole regimen. Considering this, a sensitivity analysis was carried out by repeating our 

analyses among patients with complete and confirmed biomarker data.

3 | RESULTS

3.1 | Study cohort selection

Among 246 752 women 18 years or older with a breast cancer diagnosis, 1299 palbociclib-

letrozole users and 2537 letrozole only users were study-eligibility (Table S2). The 

trial population differed substantially from the averaged imputed study populations, with 

emulation study participants tending to be classified as having newly metastatic disease, 

a shorter disease-free interval, Stage IV disease at initial diagnosis, and only one site of 

metastasis to a much greater extent than trial participants (Table 1). Upon cohort entry, 

patients in the letrozole only group had a median time since initial diagnosis with breast 

cancer of 1.5 years (IQR: 0.15 years—7.5 years), while palbociclib and letrozole initiators 

had a median of 0.8 years (IQR: 0.1 years—8.1 years) since initial diagnosis.

3.2 | Primary analysis

The hazard ratio for TTNT estimated in our primary analysis was 0.62 (95% CI: 0.56–0.68), 

which aligned with the PALOMA-2 trial result of 0.64 (95% CI: 0.52–0.78; Table 2). 

The unadjusted hazard ratio was closer to the null (HR: 0.71; 95% CI: 0.64–0.78), which 

was consistent with the greater presence of negative prognostic factors observed in the 

palbociclib-letrozole arm prior to adjustment. Median event-free survival for TTNT in the 

emulation study was shorter than in the trial at 23.1 months (95% CI: 20.8–24.7) in the 

palbociclib-letrozole arm versus 14.2 months (95% CI: 12.8–15.9) in the letrozole only arm 

after adjustment using IP weights (Table 3, Figure 1).

The relationship between Kaplan–Meier estimates of event-free survival in each treatment 

arm was similar between the non-randomized (Figure 1) and randomized trial.8

3.3 | Sensitivity analyses

The IP weight-based analysis in the imputed data also resembled the primary analysis (Table 

2). However, both, the IP weight-based and stratification-based complete case analyses were 

not in agreement and further from the null than the clinical trial result. When conducting the 

primary analysis among patients within the top 75th, 50th, and 25th percentiles of CR, our 

results were not appreciably altered (Table 4).
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There was some evidence of differential surveillance, with the mean rate of imaging 

procedures and office visits much greater in the letrozole only arm (0.027 imaging 

procedures/patient-day; 0.287 office visits/patient-day) vs. the palbociclib-letrozole arm 

(0.012 procedures/patient-day; 0.122 office visits/patient-day; Table S6); however, imaging 

data were missing for most patients. Lastly, in our sensitivity analysis restricting to patients 

with complete HR+/HER-2− biomarker data (n = 2972), all estimates shifted slightly further 

from the null relative to our main analyses, appearing robust to our assumption regarding 

missing biomarker data (Table S7).

4 | DISCUSSION

In this clinical trial emulation study, we successfully emulated the TTNT endpoint reported 

in the PALOMA-2 trial. These findings were largely consistent with prior work by Barlett 

et al, which demonstrated concordance of disease progression, survival, and response rates 

observed in comparator groups derived from real-world data vs. the PALOMA-2 trial.7 

Our results were robust to changes in analytic methods, supporting the soundness of 

our modeling assumptions. Our study sample was over five times larger than the clinical 

trial, supporting adequate statistical power to emulate the treatment effect observed in the 

clinical trial and may allow for the analysis of more subgroups. This study addressed 

data discontinuity by applying a prediction rule in the baseline period, and assessing the 

sensitivity of the results within subsets of patients with various levels of predicted continuity. 

These results suggested that data discontinuity may be less prevalent in patients with 

advanced malignancy receiving active treatments. This is not surprising, as oncology care 

is typically integrated within a single network and patients are less likely to seek cancer 

treatment across different health systems simultaneously. In the complete cases analysis, a 

different result was observed compared to the primary analysis. This is consistent with data 

that are MAR, where patients with complete data are systematically different than those with 

missing values.

Despite the advantages of our study, our confidence in the results of our emulation is 

tempered by the potential presence of differential surveillance and several assumptions that 

were made to account for missing values. Our analysis of imaging procedures and office 

visits revealed a greater than twofold higher rate of surveillance among letrozole only 

patients. Based on this, we would expect a greater rate of outcome events in the letrozole 

only arm, resulting in a bias away from the null. However, approximately 7% of study 

patients had imaging data available and office visits do not directly indicate surveillance for 

disease progression. Therefore, it is difficult to say whether surveillance bias could explain 

our results and more reliable markers of surveillance during follow-up are needed.

In addition to assumptions concerning missing data and differential surveillance, it 

is possible that cancelation of biases, random chance, outcome misclassification, and 

emulation failures could explain our findings. The clinical trial participants tended to 

have younger age, fewer Stage IV diagnoses, less favorable performance status, a shorter 

disease-free interval, and more metastatic sites. Many of these differences are conflicting 

with respect to prognosis, and their cumulative influence on the outcome is unknown. 

Furthermore, the reasons underlying therapy change may differ among treating physicians 
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in the PALOMA-2 trial versus routine practice. For instance, affordability of treatment 

and insurance coverage may not influence therapeutic decisions in the clinical trial, as 

treatments are typically provided by study sponsors. Another possible bias could arise from 

misclassification of mortality in our data. Fewer than five mortality events were recorded 

in this study, with treatment change predominantly driving our TTNT outcome. If patients 

experienced mortality in a differential pattern with respect to treatment group, then it is 

possible that more event-free person-time could be included in that particular group due 

to our censoring criteria (namely, the 90-day gap rule regarding structured data activity). 

Lastly, since treatment indication is not directly observed in EHR data, it is possible that 

patients selected into our study were not consistent with our target population. Our concerns 

here, however, are at least partially alleviated due to the robustness of our results to the 

sensitivity analysis of patients with confirmed HR+/HER-2− disease, as well as the low 

percentage (~7%) of patients excluded for having HER-2+ disease in the original analysis 

(Table S2). Overall, routine capture of imaging data, biomarkers, survival, and strong 

prognosticators of disease progression, such as comorbidities, number of metastatic sites, 

and locations of metastases, could vastly improve confidence in our study’s findings and 

permit investigation of a wider array of clinically relevant outcomes.

To strengthen the use of oncology EHR data for comparative effectiveness research, 

several directions should be explored further. First, gaining a better understanding of 

the mechanisms that lead to missing data in EHRs can inform decisions on how to 

address this issue in data analysis. The source of missingness is not always apparent and 

sometimes, as in our experience, discussions with the data vendor on data provenance 

can be quite instructive. In addition, validation studies of key variables can be helpful 

in quantifying potential bias that may arise from misclassification. The nature and extent 

of information bias can help contextualize the plausibility of results. Likewise, as non-

oncology comorbidities and drugs are often not observed in the EHRs of oncology practices, 

quantification of the potential magnitude of residual confounding this may introduce can 

also facilitate the interpretation of oncology-based EHR studies and strengthen confidence in 

the use of these data.

Under our assumptions regarding missing data and comparability of the two study 

populations, our non-randomized study finding was similar to that of the randomized trial. 

Although our study is promising, large-scale emulations of multiple randomized trials are 

needed in oncology similar to those in other fields3,4,16 to gain predictable confidence in 

when and how treatment effects of oncology products can be studied with EHR databases.25
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Key Points

• Oncology electronic health record (EHR) databases have increased in quality 

and availability over the past decade, yet it remains unclear whether 

these clinical practice data can be used to conduct reliable comparative 

effectiveness studies.

• In this non-randomized cohort study modeled after the PALOMA-2 trial, the 

hazard ratio for time-to-next treatment was closely aligned with that of the 

randomized trial.

• Large-scale emulations of randomized trials are needed in oncology to 

gain predictable confidence in when and how treatment effects of oncology 

products can be studied with EHR databases.
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FIGURE 1. 
Kaplan–Meier estimates of event-free survival. Estimates of event-free survival were 

computed using the first imputed dataset for computational simplicity. Estimates between 

the 50 imputed datasets did not appreciably vary
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TABLE 2

Parameter estimates of cox proportional hazards model by method of data analysis

Hazard ratio 95% confidence interval Standardized difference
a

PALOMA-2 trial result 0.64 (0.52, 0.78)

Following multiple imputation (adjusted by stratification) 0.62 (0.56, 0.68) −0.05

Following multiple imputation (adjusted by IP weighting) 0.66 (0.59, 0.73) 0.05

Complete cases only (adjusted by stratification) 0.48 (0.40, 0.58) −0.40

Complete cases only (adjusted by IP weighting) 0.51 (0.43, 0.62) −0.31

Abbreviation: IP, inverse probability of treatment.

a
Comparing the log hazard ratios of the PALOMA-2 Trial Result (top row) and the real-world evidence analyses (remaining rows).
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TABLE 3

Median time-to-next treatment

Palbociclib + Letrozole Letrozole + Placebo

PALOMA-2 trial, months 28.0 (95% CI: 23.6–29.6) 17.7 (95% CI: 14.3–21.5)

Real-world evidence study
a
, months

23.1 (95% CI: 20.8–24.7) 14.2 (95% CI: 12.8–15.9)

a
Median times were calculated using the Kaplan–Meier estimator using the first imputed dataset adjusted by IP weights.
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